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ABSTRACT

Dry bean (Phaseolus vulgaris L.) is the most important legumes for human consumption
worldwide and is an important source of protein, vitamins, and micronutrients in the human diet.
This research aimed to i) uncover the genetic architecture of yield, Fe bioavailability and seed
micronutrient concentration, ii) characterize the genetic control of canning quality traits, and ii)
assess the accuracy of genomic prediction models for yield and end-use quality traits. The genetic
architecture of yield and seed micronutrient concentration was assessed through a combination of
meta-QTL analyses integrating published studies over the last two decades in dry bean. A Gaussian
mixture model was used to determine the number of distinct QTL in the meta-QTL analyses.
Consistent meta-QTL over different genetic backgrounds and environments were identified,
reducing the confidence interval compared with initial QTL. Furthermore, a genome-wide
association (GWA\) study with 295 lines of the yellow bean collection and 82 yellow recombinant
inbred lines identified a major QTL for Fe bioavailability related to the ground factor P gene. A
black breeding panel with 415 lines was evaluated for yield and canning quality traits in two
growing seasons. Consistent associations for color retention, appearance and texture of canned
beans were identified across years. Genomic prediction models provided moderate to high
accuracy for end-use quality traits on the yellow and black populations. The genomic prediction
accuracy was related to the heritability of each trait, and improvement of accuracy was observed
for complex traits when secondary traits were included in the model, while for traits with major
QTL, the use of associated markers as fixed effects increased prediction ability. The use of meta-
QTL analyses and GWA in this study lays a foundation of the genetic control of yield and end-use

quality traits and reveals the potential of genomic prediction for these traits in dry beans.
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INTRODUCTION

Phaseolus vulgaris is the most important grain legume among the twenty that are commonly
consumed in the human diet (Joshi and Rao, 2017). Dry beans are an important source of nutrients
in several African and Latin American countries (Blair et al., 2010) and due of their Fe and Zn
concentration, common bean has been included as a target crop in biofortification programs for
countries with widespread human nutritional deficiencies. Microelement deficiencies are among
the most common and devastating global nutritional problems (Hirschi, 2009). Beans are produced
on millions of hectares of land worldwide, and the United States is one of the top producers
(FAO 2022). The dry bean production in the United States is concentrated in North Dakota,
Michigan, Nebraska, and Minnesota. Dry bean is a diverse crop in terms of cultivation methods,
types of environment, morphological variability and consumer preferences, which have
determined its adaptation to different niches (Broughton et al., 2003). P. vulgaris originated in
Mexico and was independently domesticated in Middle America and the Andes (Bitocchi et al.,
2013). The genetic and geographic differences between both gene pools are represented by
differences in seed size, seed nutritional quality, resistance to pathogens, yield, plant growing
period and other morpho-agronomic traits (Pérez-Vega et al., 2010; Blair et al, 2010).

Dry bean is diploid (2n = 22) with a genome size of approximately 600 Mb, with a total of
27,433 loci and 9,562 alternatively spliced transcripts (Schmutz et al., 2014). Dry beans are mainly
self-pollinating, which facilitates the generation of homozygous lines, and by that feature, a
common breeding strategy in dry beans is single plant selection in early generations for plant
adaptation, architecture, and seed type. In sum, dry bean breeding programs need a couple of years
to select some candidate lines with high yield, high mineral concentration and good canning
quality. Although plant breeding has produced gains in quantitatively inherited traits, genetic gains
can be boosted with the use of genomic tools in dry beans.

A common method to identify loci associated with complex traits is QTL mapping, which is
typically carried out in biparental populations. QTL studies are the first step to uncover the genetic
control of quantitative traits. However, QTL mapping has two important limitations; first, only
alleles that differ between the parents of the specific cross can be tested (Collard et al., 2005), and
second, the relatively small number of recombinations that occur during the creation of the

populations that is translated in a low mapping resolution.



Genome-wide association (GWA) in conjunction with biparental QTL mapping can help
resolve some limitations of working within single crosses and small population sizes.
GWA overcomes the allele limitation of the QTL analysis because it is possible to use diversity
panels or natural populations and reduce the linkage disequilibrium due to the accumulation of
recombination events that are captured in a more diverse panel of individuals (Korte and Farlow,
2013). GWA also has limitations, and the most important is linked to the population structure, but
that limitation can be addressed at least in part with structure corrections as PCA and Kinship
matrices (Soto-cerda and Cloutier, 2010). Combining biparental QTL analysis with GWA can
pinpoint the genomic regions most relevant to use in plant breeding (Brachi et al., 2010).

The target of QTL and GWA analysis is to identify regions or candidate genes that are
associated with relevant traits. In breeding programs, that information is used to design molecular
markers and apply them in marker-assisted selection (MAS). There are some examples of MAS in
common bean, in most cases the markers are associated with single genes or QTL for disease
resistance. For example MAS have been applied successfully in the introgression of major genes
that confer resistance to rust (De Souza et al., 2007), common bacterial blight (CBB) ( Gilbertson.
et al., 2012), bean golden yellow mosaic virus (BGYMV), and bean common mosaic virus
(BCMV) (Blair et al., 2007). Although there are some examples of MAS in quantitative traits such
as white mold (Ender et al., 2008) and root rot resistant (Navarro et al., 2009), the use of MAS in
quantitative traits is laborious and can increase the costs of selection due that would be necessary
many molecular markers to select lines with superior performance. Genomic prediction (GP) can
address this issue using molecular markers across whole-genome to estimate the effect of all loci
and then predict the breeding values for target traits (Wang et al., 2015). GP is becoming more
popular in plant breeding due to the drop in the price of sequencing and the improvement in
statistical approaches that address the multicollinearity of molecular markers.

Although GP is relatively new in crop breeding, several studies have used this methodology to
select complex traits including mineral concentration in wheat (Velu et al., 2016) and grain yield
in maize (Beyene et al., 2015) with promising results. More applicable to bean genetic
improvement, Spindel et al. (2016) proposed a new GP approach in rice, which they named GP +
de novo GWA (GP+GWA). This new approach uses the results of GWA on the GP models as
fixed variables, and it can increase the accuracy and lead to more efficient breeding programs to

select genotypes in early generations or to pick the most promising parental lines to generate new
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populations. The crucial step in the GP+GWA model is making a good choice of the variables to
be fixed in the model (Spindel et al., 2016).
Objective

This study aimsto uncover the genetic architecture of seed yield and end-use quality
traits through a combination of QTL, GWAS and meta-QTL analysis, and assess the accuracy, and
the effect of molecular markers as fixed variables in genomic prediction models for yield and end-
use quality traits.

Dissertation outline

Chapter 1 is a meta-QTL study aimed at uncovering the genetic architecture of Fe and Zn levels
in seeds. The study was performed using seven QTL populations that comprised intra- and inter-
gene pool crosses. Consistent meta-QTL regions across populations and environmental and
candidate genes were determined.

Chapter 2 is a meta-QTL analysis that describes a genome-wide landscape for the most
consistent genomic regions associated with seed yield components through QTL and
GWA identified over the last two decades in dry bean. The study was performed using published
data from 21 independent studies reported under sufficient water and drought conditions. Meta-
QTL were identified and can be used for developing markers for marker-assisted selection and
into genomic selection models to assess their potential as fixed variables to increase prediction
accuracies.

Chapter 3 assesses the accuracy of genomic prediction (GP) models and the use of markers
identified through genome-wide association as fixed variables in GP. Across two growing seasons,
a black breeding panel was evaluated for seed yield components and canning quality traits in
Michigan. Significant molecular markers associated with these traits and strategies to increase
accuracy of GP were identified.

Chapter 4 assesses the genetic variability of microelements concentration and Fe
bioavailability and evaluated the accuracy of GP in these traits. Across 2 locations, a yellow
diversity panel was evaluated for Fe-Zn concentration, Fe bioavailability and agronomic traits.
The relationship between microelements concentration and Fe bioavailability was determined,
significant SNPs were associated with these traits and strategies to increase prediction ability were
identified.
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CHAPTER 1: META-QTL ANALYSIS OF SEED IRON AND ZINC CONCENTRATION
AND CONTENT IN COMMON BEAN (PHASEOLUS VULGARIS L.)

Reproduced with permission from Springer Nature

Source:

This chapter has been published in Theoretical and Applied Genetics: lzquierdo, P.,
Astudillo, C., Blair, M. W., Igbal, A. M., Raatz, B., & Cichy, K. A. (2018). Meta-QTL analysis of
seed iron and zinc concentration and content in common bean (Phaseolus vulgaris L.). 131(8),
1645-1658. Available at: https://doi.org/10.1007/s00122-018-3104-8
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Abstract

Common bean (Phaseolus vulgaris L.) is the most important legume for human consumption
worldwide and it is an important source of microelements, especially iron and zinc. Bean
biofortification breeding programs develop new varieties with high levels of Fe and Zn targeted
for countries with human micronutrient deficiencies. Biofortification efforts thus far have relied
on phenotypic selection of raw seed mineral concentrations in advanced generations. While
numerous quantitative trait loci (QTL) studies have been conducted to identify genomic regions
associated with increased Fe and Zn concentration in seeds, these results have yet to be employed
for marker-assisted breeding. The objective of this study was to conduct a meta-analysis from
seven QTL studies in Andean and Middle American intra- and inter-gene pool populations to
identify the regions in the genome that control the Fe and Zn levels in seeds. Two meta-QTL
specific to Fe and two meta-QTL specific to Zn were identified. Additionally, eight Meta QTL
that co-localized for Fe and Zn concentration and/or content were identified across seven
chromosomes. The Fe and Zn shared meta-QTL could be useful candidates for marker-assisted
breeding to simultaneously increase seed Fe and Zn. The physical positions for 12 individual meta-
QTL were identified and within five of the meta-QTL, candidate genes were identified from six
gene families that have been associated with transport of iron and zinc in plants.

Introduction

Common bean (Phaseolus vulgaris L.) is the most important grain legume among the twenty
that are commonly consumed in human diets (Joshi and Rao 2017; McClean et al. 2004). Common
bean is a diverse crop in terms of morphological and seed variability, cultivation methods,
environmental adaptation and consumer preferences and these factors have made it suitable for
many different niches (Broughton et al. 2003). Phaseolus vulgaris was reported to have been
domesticated independently twice, in Mexico and the Andes (Peru, Colombia) (Bitocchi et al.
2013). Members of the two gene pools, Andean and Middle American, vary in seed size, seed
nutritional quality, resistance to pathogens, yield, days to maturity, and other morpho- agronomic
traits (Pérez-Vega et al. 2010; Blair et al. 2010a).

Dry bean is an important dietary source of iron and zinc (Bouis and Welch 2010; Carrasco-
Castilla et al. 2012). It has been included as a target crop in biofortification programs for countries
with widespread human nutritional deficiencies. Microelement deficiencies are among the most

common and devastating global nutritional problems (Hirschi 2009). In terms of seed
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micronutrient concentrations, bean germplasm from the Andean and Middle American gene pools
show some variability, Blair et al. (2010a) reported that Andean gene pool and inter-gene pool
crosses tend to have higher concentrations of minerals than Middle American beans. The natural
variability for seed Fe and Zn has been utilized in breeding programs based on phenotypic selection
for seed mineral concentrations (Blair et al. 2010b). However, phenotypic selections alone are not
leading to the genetic gains needed to make biofortification successful (Vasconcelos et al. 2017).
Genomic tools are needed to help breeders to reach target concentrations in dry beans.

One of the most common strategies to unravel quantitative traits are Quantitative Trait Loci
(QTL) studies. Several QTL analyses have been conducted in common bean to identify regions
associated with seed Fe and Zn levels (Guzman- Maldonado et al. 2003; Cichy et al. 2009; Blair
etal. 2010d; Blair et al. 2011, 2013; Blair and Izquierdo 2012). The use of common markers across
different maps makes it possible to integrate such QTL in order to improve the accuracy of
positioning and decrease the confidence interval using meta-QTL analysis.

Meta-QTL analysis compiles information from multiple studies and improves QTL location
by comparing individual experiments and narrowing down confidence intervals obtained from
individual analyses (Goffinet and Gerber 2000). Meta-QTL analysis has been conducted in several
crops for various traits, including grain size and resistance to African gall midge in rice (Daware
et al. 2017; Wu et al. 2016; Yao et al. 2016), grain traits in wheat (Tyagi et al. 2015), oil and
protein in soybean (Van and McHale 2017) and resistance to white mold in common bean
(Vasconcellos et al. 2017). Various statistical methods have been developed for meta-QTL
analysis. The software program Biomercator uses the transformed Akaike classification criterion
(AIC) to determine the real number of QTL in a specific region (Arcade et al. 2004). To date, only
one meta-QTL study for seed Fe and Zn has been published. That study was conducted with five
maize populations and it resulted in the discovery of ten meta-QTL involved in Fe and/or Zn
accumulation. The phenotypic variation contributed to the 10 MQTL ranged from 9 to 28% (Jin et
al. 2013). Genomic advances have led to the identification of several key nutrient-regulation-
related genes relevant to biofortification (Carvalho and Vasconcelos 2013). The accumulation of
Fe and Zn in seeds is determined through several mechanisms. Gene families involved in root
mineral uptake include ZIP (Zinc/lron-regulated transporter-related protein), ZIF (zinc-induced
facilitator), HMA (heavy metal associated), FRO (ferric reductase oxidase), and NA
(nicotianamine) (Haydon and Cobbett 2007; Curie et al. 2009; Haydon et al. 2012). Shoot transport

8



gene families include ZIP, FRO, NA and MATE (multidrug and toxic compound extrusion) (Vert
et al. 2002; Wintz et al. 2003; Bashir et al. 2006; Ishimaru et al. 2005, 2011, 2012) and seed filling
genes include HMA and NRAMP (Natural Resistance Associated Macrophage Protein)
(Connorton et al. 2017a; Mary et al. 2015; Carvalho and Vasconcelos 2013; Lopez-Millan et al.
2016). Genes in the NA, IRT (iron-regulated transporter), VIT (vacuolar iron transporter) and
ferritin families have been used to increase the concentration of Fe and/or Zn in grain of wheat and
rice (Borg et al. 2012; Moreno-Moyano et al. 2016; Connorton et al. 2017b; Singh et al. 2017).

In this study, individual genetic maps and QTL for seed Fe and Zn concentration and content
from seven populations were used to develop a consensus map and to identify Fe and Zn meta-
QTL. These meta-QTL narrowed down confidence intervals of initial individual analysis’ and the
physical regions of the meta-QTL were identified. Furthermore, candidate genes within the meta-
QTL intervals that belong to families of genes that have been reported in the literature in the
process of uptake, transport and/or remobilization of Fe and Zn were selected.

Materials and methods
Populations

QTL information related to Fe and Zn in common bean seed was collected for seven
populations, five of which have been previously published. We have summarized the details in
Table 1. The seven populations include two Andean (AND 696 x G19833 (AG), G21242 x
G21078 (GG2)), two Middle American (G14519 x G4825 (GGL1), Black Magic x Shiny Crow
(BS)), and three inter-gene pool (DOR 364 x G19833 (DG), BAT 93 x Jalo EEP (BJ), Cerinza x
G10022 (CG)) populations of common bean. Additional description of field trials, statistical
analysis, and molecular markers for the published studies have been previously reported in detail
(Blair et al. 2009; Cichy et al. 2009, Blair et al. 2010c, 2011, 2013; Blair and Izquierdo 2012). The
description of field trials and the map development for BS has been previously reported (Cichy et
al. 2014).

Phenotypic data

The seven populations were planted in multiple years, environments, and locations. The GG1 and
GG2 populations were planted in three locations in Colombia: Darien, Palmira and Popayan. DG
was planted in Popayan and Darien and CG in Palmira and Darien. The AG population was planted
in Darien under high and low soil P treatments. The BS population was planted in Michigan, USA

and the BJ population in Darien, Colombia (Table 2).
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Table 1.1 A summary of the common bean mapping populations considered for meta-QTL analysis
Markers.

Type of Population No. of Number of
ID Parents Genepool population Size markers QTLs

AG  ANDG696 x G19833 AxA RILs 77 167 23
GG2  G21242 x G21078 AxA RILs 100 118 9

GGl  G14519 x G4825 Mx M RILs 110 114 17
BS Black Magic x Shiny M xM RILs 92 681 NR
DG DOR364 x G19833 Mx A RILs 87 499 26
BJ BAT93 x Jalo EEP Mx A RILs 78 458 NR
CG Cerinza x G10022 AxW AB 138 143 13

Gene pool: A andean, M middle American, W wild NR not previously reported Conc concentration AG: Cichy et al.
(2009), GG2: Blair et al. (2011), GG1: Blair et al. (2010c), BS: Cichy et al. (2014), DG: Blair et al. (2009), Galeano
etal. (2011), BJ: Freyre et al. (1998), CG: Blair and Izquierdo (2012), Blair et al. (2013).

Table 1.2 Summary of the location, years, range of Fe and Zn, and environmental conditions of
QTL studies included for meta-QTL analysis.

Population Location Year Range ppm MASL AT (°C) AR (mm) PH
Fe Zn
AG Darien - Colombia 2000  53-77  16-29 1485 20 1288 56
Darien - Colombia 2005  39-79  20-23
Darien - Colombia 2011 28-95 17-37 1450 20 1,650 5.6-6.1
GG2 Palmira - Colombia 2011 48-93 17-49 1000 24 905 7.8
Popayan - Colombia 2011  30-88  22-57 1730 18 2,124 5661
Darien - Colombia 2010 35-81 17-39 1400 20 1,500 5.6
GG1 Palmira - Colombia 2010  43-97 17-32 1000 24 905 7.8
Popayan - Colombia 2010  44-77  30-49 1730 18 2,124 6.1
2010 102-48 37-24
BS Richville, MI - US 2011 99-48  38-23 190 22 8712 7.9
2013 108-55 43-28
DG Popayan - Colombia 1998  40-79  19-37 1730 18 2,124 5.6
Darien - Colombia 2003  42-84  17-42 1400 20 1,650 5.6
BJ Darien - Colombia 2007 46-114 20-57 1450 20 1,650 5.6
Palmira - Colombia 2012 54-100 27-39 996 24 950 7.2
ce Darien - Colombia 2012  58-92  23-38 1485 20 1,288 5.6

MASL Meter above sea level, AT average yearly temperature in °C, AR average yearly rainfall.
@ Average rainfall between June and September.

Two methods of mineral analysis were implemented in the studies, Inductively Coupled
Plasma—Optical Emission Spectrometry (ICP) and Atomic Absorption Spectroscopy (AAS) as
described in (Blair et al. 2009). AAS was used to quantify minerals in the AG population and ICP
was used in the BS population. The other studies used both methodologies AAS and ICP to
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quantify Fe and Zn. All seven populations have data for seed Fe and Zn concentration. In addition,
the CG and GG1 populations have data for seed Fe and Zn content (i.e., pug/seed), DG and CG
have data for seed Fe and Zn concentration in cotyledon tissue, and CG also has seed coat Fe and
Zn concentration data. The DG data on Fe and Zn concentration in cotyledon have not been
published previously. Cotyledon concentration measurements were conducted as described by
Blair et al. (2013) where 12 g of seed was washed with sterile water and peeled by hand using a
sterile scalpel to remove the seed coat from the cotyledons. The cotyledon samples were dried
before grinding. Dry cotyledon tissue powder was weighed into two replicates of ~ 0.25 g each
and was analyzed separately for Fe and Zn concentration via AAS and ICP and the values of the
replicates were averaged. Correlations between seed Fe- and Zn-related phenotypes were
determined using with Pearson correlations using SAS software, v 9.3 (SAS-Institute 2011).
QTL analysis

The seven populations range in size from 77 lines in AG to 138 lines in CG. The number of
markers ranges from 114 in GG1 to 681 in BS. Eighty-eight QTL for seed Fe and Zn concentration
and/or content have been reported for the populations AG, CG, DG, GG1, and GG2 (Blair et al.
2009, 2010c, 2011, 2013; Cichy et al. 2009; Blair and Izquierdo 2012). While the DG QTL study
reported previously found 26 QTL for seed Fe and Zn concentration (Blair et al. 2009), the QTL
data we present here are based on a reanalysis of the phenotypic data with a saturated genetic map
of this population that became available following the publication of the original DG QTL study
(Galeano et al. 2011). This new map provided high resolution for QTL detection, and for that
reason we repeated the QTL analysis with the new genetic map. We conducted a new QTL analysis
for the BS and BJ populations via composite interval mapping (CIM). This is a new analysis that
has not been previously published. The QTL analysis was carried out using the program Windows
QTL cartographer version 2.5 (Wang et al. 2012). To identify an accurate significance threshold
for each trait, an empirical threshold was determined using 1000 permutations (Churchill and
Doerge 1994).
Map projection and meta-analysis

In total, data from 87 QTL were used for analysis (Table 1, Tables S1). In the population AG,
all published QTL were used for meta-analysis except the QTL reported on chromosome 11. In

AG chromosome 11 is composed of 15 random amplified polymorphic DNA (RAPD), 1 amplified
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fragment length polymorphism (AFLP), and 1 simple sequence repeat (SSR). Due to the lack of
sequence information for these markers, it was not possible to use these QTL in the meta-analysis.

The program Biomercator v3.0 (Arcade et al. 2004) was used to develop a consensus map and
for subsequent meta-QTL analysis. The DG map was chosen as the anchor for the consensus map
since it has a high marker density, including 499 molecular markers of which 462 are SSR or SNPs
that have information about their physical position (Galeano et al. 2011). The other six populations
were projected onto the DG map to integrate the seven populations into the consensus map. Six of
the seven maps share common markers, the exception is that of the BS population which is
composed of 681 SNPs (Cichy et al. 2014). The BS population was integrated in the analysis using
the physical position of SSR and SNPs of the DG map in the P. vulgaris v.2.1 reference genome
available in Phytozome v12 (Goodstein et al. 2012). The DG SSR sequences were obtained from
Phaseolus genes website at http://phaseolusgenes.bioinformatics.ucdavis.edu. Using the DG SSRs
and SNPs and BS SNPs physical positions, we made a bridge between both genetic maps, taking
into account the distance in cM estimated by Schmutz et al. 2014. Positions of Fe and Zn
concentration and content QTL were extrapolated onto the consensus map on the basis of common
genetic marker positions. Co-localization of meta-QTL was determined by the Akaike’s
information criterion (AIC) (Akaike 1974), and the lowest value was considered the best fit model
for meta-QTL prediction.
Candidate genes

The search for candidate genes was performed based on the physical positions of the meta-
QTL regions. The most recent annotated version of the P. vulgaris reference genome v.2.1 in
Phytozome was used to identify the physical position of the meta-QTL and genes contained in
these regions (Good- stein et al. 2012). The candidate genes were selected on the basis of a
literature review of genes that have been reported as having a role in root uptake, transport and
accumulation of Fe and Zn in plants (Vert et al. 2002; Wintz et al. 2003; Ishimaru et al. 2005,
2011, 2012; Bashir et al. 2006; Hay- don and Cobbett 2007; Curie et al. 2009; Borg et al. 2012;
Haydon et al. 2012; Carvalho and Vasconcelos 2013; Mary et al. 2015; Lopez-Millan et al. 2016;
Moreno-Moyano et al. 2016; Connorton et al. 2017a, b; Singh et al. 2017). In the case of the bZIP
family, this is a large gene family but only two genes of that family have been reported to be

involved in plant mineral uptake and translocation in Arabidopsis (Assuncao et al. 2010); the
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protein sequences of those two transcription factors were aligned to the P. vulgaris reference
genome v.2.1 using BLASTP in NCBI (https://blast .ncbi.nIm.nih.gov/).

Results
Single population QTL analysis

This study combines 87 QTL for seed Fe and Zn concentration and content, including 39 for
Fe and 48 for Zn across seven common bean populations. It includes 56 QTL collated from
previous studies within the AG, CG, GG1, and GG2 populations (Table S2). Additionally, 31
previously unreported QTL were identified with CIM analysis in the BJ, BS and DG populations
(Table 1). Among the QTL identified with CIM, three were identified for Fe seed cotyledon and
one for Zn seed cotyledon concentration found in DG population. The QTL for cotyledon Fe are
on chromosomes Pv02, Pv08 and Pv11, while the QTL for cotyledon Zn is on chromosome Pv11.
The other 27 QTL of populations BJ, BS and DG include 11 QTL for seed Fe and 16 QTL for seed
Zn concentration. The seed Fe/Zn concentration QTL are distributed on chromosomes Pv01, Pv02,
Pv03, Pv04, Pv05, Pv06, Pv08, Pv09 and Pv11. R2 values for Fe concentration QTL ranged from
0.08 on chromosome Pv03 to 0.27 on chromosome Pv11, and R2 values for Zn concentration QTL
ranged from 0.09 on chromosome Pv02 to 0.27 on chromosome Pv04 (Table S1).

Phenotypic values for seed Fe concentration ranged from 28 to 114 ppm and for seed zinc
concentration from 16 to 57 ppm (Table 2). Seed Fe and Zn concentration were positively
correlated across the seven populations and the average of those correlations was r = 0.66, 0.67,
and 0.50 for the Andean (AG, GG2), Middle American (GG1, BS) and inter-gene pool crosses
(DG, BJ, CG), respectively. The average correlation between Fe and Zn concentration on the seven
populations was 0.59.

Chromosomes Pv01 and Pv06 contained the highest number of QTL while Pv10 was the only
chromosome without a single QTL identified (Table S1). Individual QTL explained between 4 and
55% of the phenotypic variance. In total, 25 QTL had R2 values greater than 20%, and, therefore,
are considered major QTL. All QTL detected on Pv06 and Pv09 were detected only in intra-gene
pool populations, whereas the remaining chromosomes (Pv01 through Pv05, Pv08, and Pv11)
contained QTL from both intra- and inter-gene pool populations. Fifty-five percent of QTL had an
Andean source while the other forty-five percent had Middle American sources. Pv02 had the most
consistently detected QTL, such that QTL were detected in the same region in five out of the seven

populations.
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Consensus mapping

The DG genetic map was used as a reference to develop the consensus map. The DG map is
highly saturated and, with the exception of the BS population, it had markers in common with all
maps that were integrated into this study. The consensus map consists of 1038 markers with a total
length of 2012 cM and an average distance between markers of 3.6 cM. Of the 87 QTL that were
identified in the 7 populations, 72 were projected on the consensus genetic map (Table S3). The
remaining 15 QTL that were not projected were in regions that did not have sufficient common
markers to make a reliable projection on the consensus map. For consensus QTL projection, the
chromosomal position, LOD score, and R2 of the individual QTL were taken into consideration.
Chromosome Pv06 had the highest number of consensus QTL (18 QTL) and Pv02 contained the
highest number of QTL that came from different populations (5 populations) (Fig. 1). The order
of each chromosome was estimated with the physical position of SSR and SNP markers in the P.
vulgaris reference genome v.2.1.

Meta-QTL analysis

The meta-analysis of the 72 QTL projected in the consensus map was performed in
Biomercator 3.0; the AIC was used to select the best QTL model on each chromosome (Table 3).
The meta-analysis resulted in a genetic model with 12 meta- QTL that covered 47 of the 72
individual QTL from the seven populations (Fig. 2 and Table S4). The number of meta-QTL
identified on each chromosome varied from one on chromosomes Pv01, Pv04, Pv09 and Pv11,
and two on chromosomes Pv02, Pv06, Pv07 and Pv08. The mean R2 of the MQTL ranged from
10.3 to 27.0%, while the 95% confidence intervals for the MQTL varied between 3.1 and 18.1 cM,
with an average of 7.6 cM. The CI was narrower in all MQTL than the mean ClI identified for the
original QTL. The physical length of MQTL varied from 0.36 to 11.93 Mb. MQTL_Fe&Zn 6.1
and MQTL_Fe&Zn_6.2 contained the highest number of individual QTL, each one with 8 QTL.
MQTL_Fe&Zn_11.1 contained QTL from three different inter-gene pool populations.

Three types of MQTL were identified: 1) Fe-MQTL, 2) Zn-MQTL, and 3) Fe & Zn-MQTL.
Fe-MQTL included MQTL_Fe 7.2 and MQTL_Fe_8.1. MQTL_Fe 7.2 and MQTL_Fe_8.1 have
two individual QTL each that come from two different populations, in the case of MQTL _Fe 7.2
the source in GG2 was the Andean line G21078 and for GG1 was the Middle America genotype
G4825. Similarly, the sources of MQTL_Fe_8.1 came from both the Andean (Cerinza) and Middle
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American (Black Magic) gene pools. Zn-MQTL are distributed on chromosomes Pv02 and PvO07.
MQTL_Zn_2.2 includes QTL from two inter-gene pool populations (BJ and DG).
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Figure 1.1 Mapping of QTL detected for iron and zinb, onto a single consensus map. AxXA: Andean,
MxM: Middle American, and AXM: inter-gene pool crosses.

The source of the BJ-QTL the source is the Middle American line BAT93 and in the DG-QTL
the source is the Middle American DOR364. MQTL_Zn_7.1 is specific to CG and included two
QTL that were identified in the CG cross between an Andean line and a Mexican wild genotype.
One of these QTL is for seed Zn content with as source the wild genotype G10022, while the other
QTL is for seed coat Zn content, with as source the Andean line Cerinza. The last group is the Fe
& Zn-MQTL,; this is the most abundant group with eight MQTL across seven chromosomes.
MQTL_Fe&Zn_ 1.1 and MQTL_Fe&Zn 8.2 have Andean sources, MQTL_Fe&Zn 4.1 has
Middle Ameri- can sources and MQTL_Fe&Zn 2.1, MQTL_Fe&Zn 6.1, MQTL_Fe&Zn 6.2,
MQTL_Fe&Zn_9.1and MQTL_ Fe&Zn_11.1 have both gene pools as sources of favorable alleles
for Fe and Zn concentration/content in seed. The individual Fe and Zn contribution to the shared
meta-QTL is available in Table S5.
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Candidate genes

In total, 12 candidate genes were identified related to mineral transport or storage. These were
found within 5 of the 12 MQTL regions (Table 4). The gene families identified in the MQTL have
been previously reported to function in various points in Fe and Zn acquisition, including 1) Root
uptake (ZIP, FRO and NA), 2) Translocation within the plant (ZIP, FRO, NA and MATE), and 3)
Storage in seed (NRAMP). The name, position and family of each of the 15 candidate genes are
reported in Table 4.

ZIP family: In both MQTL_Fe&Zn_9.1 and MQTL_Fe&Zn_11.1, there is a single ZIP family
gene. Members of this family participate in mineral uptake, transport to leaves and translocation
to seeds, embryo, endosperm, and seed coat (Vert et al. 2002; Ishimaru et al. 2005). The ZIP genes
in MQTL_Fe&Zn 9.1 and MQTL_Fe&Zn_11.1 have both been annotated in the reference
genome as zinc/iron trans- porters (Goodstein et al. 2012). In addition, a bZIP transcription factor
was found in MQTL_Fe&Zn_11.1. bZIP transcription factors are associated with genes of the ZIP
family and play a role in the uptake of minerals in plants (Assuncao et al. 2010). Although there
are other bZIP elements in the MQTL, bZIP Phvul.011G035700 is the only one that aligned at the
protein level with the transcription factors bZIP19 and bZIP23 (e value of 4 e-120 and 5 e-116,
respectively) that have an important function in Zn uptake capacity in Arabidopsis (Assuncao et
al. 2010).

FRO family: Three FRO genes were identified within MQTL_Fe&Zn_6.1. FRO genes have
important roles in iron uptake and in its transport in the vascular system (Wu et al. 2005; Kim and
Guerinot 2007). Furthermore, other members of this family play an important role in chloroplast
iron acquisition (Jeong et al. 2008).

NA family: MQTL_Fe&Zn_1.1 contains an NA family gene. NA genes have been related with
mechanisms to acquire Fe and other minerals from the soil (Waters et al. 2006). NA chelates metal
cations (Masuda et al. 2009) and there is evidence that suggests the NA family plays a role in the
internal transport of Fe, Zn and other metals in plants (Takahashi et al. 2003; Schuler et al. 2012;
Singh et al. 2017).

MATE family: Members of the MATE family are involved in the efflux of molecules from the
cytoplasm to the outside of the cell or into the vacuole, and it is likely that these genes products

export an Fe chelator that allows the movement of Fe in the plant (Grotz and Guerinot 2006;
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Rogers et al. 2009). One MATE gene was found in MQTL_Fe&Zn 6.1, and two genes were in
MQTL_Fe&Zn_4.1.

NRAMP family: NRAMP Genes are involved in transport of metals out of vacuoles. In
Arabidopsis, members of this family are required for iron mobilization in germinating seeds
(Thomine et al. 2003; Lanquar et al. 2010; Gollhofer et al. 2014; Mary et al. 2015). NRAMP genes
were located in MQTL_Fe&Zn_ 1.1 and MQTL_Fe&Zn _9.1.

Table 1.3 Summary of the Meta-QTL associated with seed iron and zinc concentration.

. Mean Physical
Initial o MQTL o MQTL
. Mean R2 initial CRL  position (Mb)*© ) No. genes
MQTL? Chr Trait number Cl - Size .
(S.D.)P Cle¢ d in MQTL
of QTLs (cM) Start End (Mb)
(cM)
MQTL1.1 1 Fe-Zn 6 24.3(9.3) 9.7 4.2 231 433 485 5.24 553
MQTL2.1 2 Fe—2Zn 3 10.3 (5.69) 10.7 31 3.45 345 35 0.44 24
MQTL2.2 2 Zn 2 11.0 (2.83) 14.66 7.1 2.06 40.5 42.6 2.15 216
18.0
MQTL4.1 4 Fe—2Zn 2 30.5 18.1 1.69 44.8 46 121 108
(12.73)
MQTL6.1 6 Fe—2Zn 8 20.4 (5.07) 214 8.68 247 10.2 124 2.17 69
MQTL6.2 6 Fe—2Zn 8 27.0 (11.3) 26.13 5.37 4.86 28.2 29.5 1.28 172
MQTL7.1 7 Zn 2 115(2.12) 8.75 6.6 1.33 0.1 05 0.36 42
MQTL7.2 7 Fe 2 12.0 (1.41) 17 8.6 1.98 29.5 36.9 7.44 698
MQTL8.1 8 Fe 2 11.5(0.71) 9.06 5.22 1.74 0.8 35 2.63 331
MQTL8.2 8 Fe—2Zn 4 12.3(3.77) 10.68 48 2.22 125 244 11.93 300
MQTL9.1 9 Fe—2Zn 2 15.1 (5.66) 12 35 3.43 117 135 1.79 160
MQTL11.1 11 Fe—2Zn 8 15.0 (7.27) 16.1 10.1 1.59 2.3 5.3 2.98 337

& The Akaike’s information criterion (AIC) was used to select the best QTL model for Fe and Zn, the one with the
lowest AIC value was chosen as a significant model to indicate the number of MQTL on each chromosome. ® S.D. =
Standard deviation of R2 values of individuals QTL involved in MQTL. ¢ Cl = confidence interval of 95% of QTL
location. ¢ Coefficient of reduction in length from mean initial QTL to MQTL. ¢ Physical size and position of MQTLs
were estimated with the alignment of the SRAP sequences in the reference genome P. vulgaris v.2.1.

Discussion
Micronutrient deficiencies are widespread nutritional dis- orders affecting billions of people
around the world (Nestel et al. 2006; Zhao et al. 2009; Vasconcellos et al. 2017). To date
biofortification programs have increased Fe and Zn con- tent in several crops; however, more
efforts are still needed for at risk human populations to reach the recommended dietary
requirements (Vasconcelos et al. 2017). Additional progress can be made through molecular
breeding. Next- generation sequencing information has allowed genome sequencing of the most

important crops to human consumption. There has also been progress in identifying genes that are
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involved in the movement of Fe and Zn in plants and using these genes for biofortification of rice
(Goto et al. 1999), cassava (Ihemere 2012), wheat (Borg et al. 2012), maize (Kanobe et al. 2013),
lettuce (Goto et al. 2000) and soybean (Vasconcelos et al. 2014).
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Figure 1.2 Meta-QTL analysis results for iron and zinc concentration from seven P. vulgaris QTL
studies. AXA: Andean, MxM: Middle American, and AXM: inter-gene pool crosses.
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Table 1.4 Candidate genes found within meta-QTL for seed Fe and Zn concentration and content.

MQTL Candidate Chr Start (bp)? End (bp) Gene family
Gene Name

MQTL1.1 Phvul.001G177500 Chr01 43,453,927 43,463,444 NRAMP
MQTL1.1 Phvul.001G225000 Chro1 47,980,872 47,982,640 NA
MQTL4.1 Phvul.004G152100 Chr04 45,482,068 45,486,874 MATE
MQTL4.1 Phvul.004G152400 Chr04 45,504,102 45,509,691 MATE
MQTL6.1 Phvul.006G028701 Chr06 10,873,033 10,876,474 MATE
MQTL6.1 Phvul.006G030500 Chr06 11,701,246 11,702,422 FRO
MQTL6.1 Phvul.006G030550 Chr06 11,747,123 11,748,871 FRO
MQTL6.1 Phvul.006G030600 Chr06 11,804,817 11,806,566 FRO
MQTL9.1 Phvul.009G069700 Chr09 12,141,306 12,145,376 NRAMP
MQTL9.1 Phvul.009G077700 Chr09 13,064,171 13,066,165 ZIP
MQTL11.1 Phvul.011G035700 Chril 3,293,008 3,295,446 bzIP
MQTL11.1 Phvul.011G058500 Chrll 5,228,604 5,232,591 ZIpP

2 Physical position in the reference genome P. vulgaris v.2.1.

Seed Fe and Zn concentrations are quantitative traits with wide genotypic variability. As was
reported by Beebe et al. (2001) and Blair et al. (2008), there is a difference in Fe and Zn
concentration between the gene pools. Andean genotypes tend to have higher Fe but lower Zn than
genotypes from the Middle American gene pool. Another important factor in the analysis of seed
Fe and Zn concentration in common bean is the genotype—environmental interaction (GxE) (De
Araujo et al. 2003; Pereira et al. 2014). Beebe (2012) and Hossain et al. (2013) reported that
environmental factors such as soil characteristics and precipitation have an important influence in
mineral accumulation in common bean.

To unravel the genetic complexity of seed Fe and Zn concentration and content, we collected
data from seven populations over four locations, 9 years, and with multiple methodologies being
used for mineral guantification, including whole seed, cotyledon, and seed coat measurements.
The seed mineral data from the seven populations were positively correlated among locations,
years and traits (Fe—Zn). The average correlation between Fe and Zn concentration in the seven
populations was 59%. The correlation between Fe and Zn supports the well-reported observation
that these traits are linked and if we increase the concentration of one of them, we will increase
the other as well (Blair et al. 2010b; Blair and Izquierdo 2012). The correlation may be related to

the similar movement of Fe and Zn through the plant, ultimately to the seed. Many of the same
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genes are involved in both Fe and Zn transport (Kim and Guerinot 2007; Bashir et al. 2013). The
positive correlation between seed Fe and Zn concentrations has been reported in other crops as
well, including chickpea (Diapari et al. 2014; Upadhyaya et al. 2016).

In this study, we used seven populations that involve the two major gene pools of common
bean. We included four intra- and three inter-gene pool crosses. In total, we tested 87 individual
QTL detected in seven populations and were able to project 72 in the consensus map (41 have an
Andean source, 25 have a Middle American source, and 6 have a wild Middle American source).
The 72 QTL projected were distributed across all chromosomes except Pv10. The numerous QTL
reflect the genetic complexity of the accumulation of Fe and Zn in common bean seeds.

The consensus map generated from the seven maps has a size of 2012 cM with 12 MQTL
including two MQTL for Fe, two for Zn and 8 MQTL co-localized for Fe and Zn. It is interesting
that of the nine QTL projected in the consensus map from the BS population, all but two clustered
with QTL of other populations. All populations used in this study were planted in Colombia except
the BS that was planted in Richville, MI-US, and although the environmental conditions are
different (e.g., soil type, PH, average yearly rainfall), the BS-QTL are mainly close to the QTL of
the other populations that have a Middle American genotype as a source. The proximity of BS-
QTL with the Middle America QTL suggests that although there is a GXE interaction (De Aradjo
etal. 2003; Beebe 2012; Hossain et al. 2013 and Pereira et al. 2014) in the accumulation of Fe and
Zn, the gene pool origin has an important effect in the accumulation of these minerals in the seed
of common bean.

In this study, we narrowed down the CI in all 12 MQTL regions that allowed us to identify 12
candidate genes that could be responsible for some of the differences in the seed Fe and Zn
concentration/content in the populations included in this study. Out of the 12 MQTL, the 8 Fe-Zn
shared MQTL distributed over chromosomes 1, 2, 4, 6, 8, 9 and 11 have major potential for
molecular breeding because they are associated with both Fe and Zn concentration and/or content
and could potentially be used to increase the content of both elements in common bean seed. In
five of these eight meta-QTL, there are 12 candidates for validation and subsequent application of
allelic variation in breeding, e.g., by use of genetic transformation or allele screening in germplasm
collections  (ecoTilling). The genes Phvul.006G030500, Phvul.006G030550 and
Phvul.006G030600 of the FRO family in MQTL_Fe&Zn_6.1 are of special interest, because genes

of this family have been used successfully to increase mineral concentration in rice, wheat, and
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soybean (Goto et al. 1999; Borg et al. 2012; Vasconcelos et al. 2014). FRO genes are responsible
for reducing iron at the root surface (Wu et al. 2005; Mukherjee et al. 2006). Dicots acidify the
rhizosphere to acquire Fe from the soil. The roots release organic acids and phenolic compounds
to increase Fe3+ concentrations in the soil solution. These compounds chelate Fe3+ which
subsequently is reduced to Fe2+ in the plasma membrane of root epidermal cells by ferric
reductases which are encoded by members of the FRO gene family (Wu et al. 2005; Mukherjee et
al. 2006; Connolly and Guerinot 2002; Kobayashi and Nishizawa 2012). We identified twelve
candidate genes with the information available in the literature of the better-known gene families
that have a relationship in the process to uptake, transport, and accumulation of Fe and Zn in plants.
For the above, it is possible that we missed reporting some genes that belong to families that do
not have a well-reported role in the movement of minerals in plants or genes that belong to families
with unknown function.

Quantitative traits are a challenge in plant breeding due to the genetic complexity that governs
these traits and the difficulty of stacking numerous alleles that control them. Meta- QTL analysis
made possible the consolidation of 47 single QTL into 12 meta-QTL. These results showed a
greater consolidation than a maize meta-QTL analysis for grain Fe and Zn, where 28 single QTL
were consolidated into 10 meta-QTL (Jin et al. 2013). While we show that there are at least 12
regions that control the seed concentration/content of Fe and Zn in the common bean genome, the
eight regions that associate with both Fe and Zn are most promising for focus in future studies.
The stacking of eight independent regions in a single breeding line is challenging as there is a
probability of one in 256 to stack the eight regions with the favorable alleles. The MQTL identified
in this study have three potential uses, the first one is to generate markers for marker-assisted
selection (MAS) for gene stacking breeding lines, the second way is the validation and subsequent
use of the genes identified in this study in bean genetic trans- formation or eco-Tilling programs,
and the last and perhaps most promising is the use of the MQTL regions in Genomic Selection
(GS) models to increase the models accuracy in their use in bean breeding programs. Although
this is a new study field, Spindel et al. (2016) reported promising results in rice using the regions

identified by genome-wide association studies (GWAS) as fixed effects in GS models.
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CHAPTER 2: COMBINATION OF META-ANALYSIS OF QTL AND GWAS TO
UNCOVER THE GENETIC ARCHITECTURE OF SEED YIELD AND SEED YIELD
COMPONENTS IN COMMON BEAN
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Abstract

Increasing seed yield in common bean could help to improve food security and reduce
malnutrition globally due to the high nutritional quality of this crop. However, the complex genetic
architecture and prevalent genotype by environment interactions for seed yield makes increasing
genetic gains challenging. The aim of this study was to identify the most consistent genomic
regions related with seed yield components reported in the last 20 years in common bean. A meta-
analysis of QTL for seed yield components (MQTL-YC) was performed for 394 QTL reported in
21 independent studies under sufficient water and drought conditions. In total, 58 MQTL-YC over
different genetic backgrounds and environments were identified, reducing three-fold on average
the confidence interval (Cl) compared with the CI for the initial QTL. Furthermore, 40 MQTL-
YC identified were co-located with 210 SNP peak positions reported on GWAS, guiding the
identification of candidate genes. Comparative genomics among of these MQTL-YC with MQTL-
YC reported in soybean and pea allowed the identification of 14 orthologous MQTL-YC shared
across species. The integration of MQTL-YC, GWAS and comparative genomics used in this study
will be useful to refine and uncover the most consistent genomic regions related with seed yield
components for their use in plant breeding.

Introduction

Common bean (Phaseolus vulgaris L.) is one of the most important legumes for direct human
consumption around the word (Siddiq & Uebersax, 2022). Dry beans are a nutrient-dense food,
rich in protein, fiber and micronutrients, and its consumption has been associated with health
benefits in the prevention of cardiovascular disease, diabetes and obesity (Didinger et al., 2022).
The ability for common bean to grow under low inputs, especially in low water and drought
conditions along with the rich nutritional profile of dry bean, make it an appealing and a potential
crop to face food security and climate change in the future (Medendorp et al., 2022; Siddig and
Uebersax, 2022). Additionally, legumes have up to 7-fold less greenhouse gas emissions compared
with other crops such as wheat and canola (Jeuffroy et al., 2013), and improve the soil quality
through nitrogen fixation and increasing soil carbon content (Jensen et al., 2012), which highlight
the value of dry bean as a crop to improve agricultural and dietary sustainability.

Seed yields have incrementally increased in new dry bean cultivars over time and genetic gains
have not plateaued (Vandemark et al., 2015). The use of new breeding tools could help continue

that trend by more efficiently stacking positive alleles. Seed yield is a quantitative trait that is
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controlled by numerous genes with small effects. Due to its complexity, seed yield has been
divided into components, including number of pods per plant, seed size, and number of seeds per
pod. Adams (1967) was the first to describe the interaction among these three yield components,
where the increase in one of these three traits often resulted in a reduction of the others. Since dry
bean has specific market class requirements for seed weight, changing this component is generally
not a viable option to increase seed yield (Kelly, 2018). The total number of pods per plant and
seeds per pod are more relevant for breeding within market classes, due to rigid seed size criteria.

Other traits associated with seed yield are related to dry matter partitioning toward seed,
including pod harvest index and harvest index (Assefa et al., 2013; Polania et al., 2016;
Nabateregga et al., 2019). These traits are important indicators of yield potential under drought
and non-drought conditions. Under drought, the allocation of resources to reproductive growth is
reduced, leading to flower and pod abortion in susceptible genotypes, while drought-tolerant
genotypes continue the partition into the seed (Hageman and VVolkenburgh, 2021). Phenology traits
such as days to flowering and maturity are also associated with seed yield and may have different
influence under drought or non-drought conditions. While longer days to maturity may be
beneficial to increase seed yield under water sufficient conditions, under drought conditions short
growing cycle minimize exposure to terminal drought, leading to better yield performance (Beebe
et al., 2013; Vandemark et al., 2015; Keller et al., 2020). Environmental factors such as latitude,
photoperiod, and temperature influence seed yield and component traits, and the identification of
alleles for local vs broad adaptation will support genetic gains (MacQueen et al., 2021).

For the last 20 years, quantitative trait loci (QTL) and genome-wide association studies
(GWAS) have been used to uncover the genetic architecture of seed yield components and
hundreds of associated genomic regions have been identified. QTL analysis is a powerful tool to
uncover the genetic architecture of complex traits. This technique comes with some limitations,
including low allelic diversity and low recombination in mapping populations, which is reflected
in a limited number of loci and recombination assessed on QTL analyses, resulting in QTL
covering large genomic regions containing many genes (Brachi et al., 2010). GWAS includes
diverse populations that ensure a higher allelic diversity than bi-parental populations and historic
recombination events that overcome the two main limitations of QTL analysis (Korte and Farlow,
2013). GWAS has been reported to be a promising approach to identify quantitative trait
nucleotides (QTN) associated with causative loci (Cano-Gamez and Trynka, 2020). Nevertheless,

30



most of GWAS are underpowered due to the limited population size and the small effect of
causative loci in quantitative traits as seed yield (Evangelou and loannidis, 2013).

Although substantial efforts have been made to uncover the genetic architecture of seed yield
components in dry bean through QTL and QTN this information is challenging to use in breeding
due to the lack of standardized phenotyping and molecular makers, as well as genetic background
and environmental effects that arise in multiple studies (Bernardo, 2008). Additionally, in species
with more than one reference genome version, such as common bean, QTL and QTN physical
position vary depending on the reference genome version used in each study. Since many market
classes of dry beans are bred around the world the extrapolation of information generated among
breeding programs may be limited (Vandemark et al., 2015). The Meta-QTL analysis (MQTL) is
an approach that can overcome these limitations by integrating QTL from independent studies to
identify and refine the most consistent QTL (Goffinet and Gerber, 2000; Izquierdo et al., 2018;
Soriano and Alvaro, 2019), and the co-localization of QTN within MQTL regions leads to the
identification of candidate loci with potential use in plant breeding (Shariatipour et al., 2021;
Bilgrami et al., 2022).

The goals of this study were to i) perform a MQTL to uncover the genomic control of seed
yield in dry bean ii) assess the co-localization of QTN within MQTL-YC iii) identify the physical
position in the P. vulgaris v2.1 reference genome for all the QTL and QTN included in the analysis,
and iv) evaluate the genomic collinearity of MQTL-YC regions of dry bean with MQTL and
MGWAS reported in soybean, pea, and rice. This work will help to better understand the genetic
architecture of seed yield in dry bean, and will assess the potential to combine MQTL, GWAS and
comparative genomics to identify and refine the most stable MQTL-YC regions for their use in
plant breeding.

Materials and Methods
Seed Yield and Yield Components QTL and QTN

A detailed literature search was carried out on common bean QTL and GWAS related to yield
and yield components traits under sufficient water and drought conditions from 2000 to 2021. All
QTL and GWAS except those lacking proper QTL related information, genetic map information,
and those reported under other stress different that drought were used in the MQTL and QTN co-
localization analyses. Based on these criteria, 394 QTL and 349 QTN for seed yield (YDSD) and

six yield component traits including days to flower (DF), days to maturity (DMP), harvest index
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(H1), pod harvest index (PHI), pods per plant (PDPL), seed per pod (PDPL), and seed weight (SW)
were identified from 24 biparental, 1 multiparent and 10 diversity panels of common bean from
21 QTL and 11 GWAS, including Andean, Middle American, and wild germplasm (Table 2.1).
The crop ontology for agricultural data for common bean was used as reference to unify the name
of traits (https://cropontology.org/term/CO_335:ROO0T).

Table 2.1 Summary of QTL and GWAS used in the MQTL analysis for yield and yield components
in dry bean.

Reference Germplasm Gene pool size Env | QTL-QTN Analysis

Blair et al 2006 Cerinza x G24404 AxW 157 N 21 QTL
Wright & Kelly 2011 Jaguar x 115M M 96 N 3 QTL
Mkwaila et al 2011 Tacana x P1318695 MxW 30 N 1 QTL
Mkwaila et al 2011 Tacana x P1313850 MxA 30 N 6 QTL
Galeano et al 2012 DP A 80 D-N 60 GWA
Asfaw et al 2012 BAT477 x DOR364 M 97 D-N 7 QTL
Blair et al 2012 BAT477 x DOR364 M 113 D-N 10 QTL
Checa & Blair 2012 G2333 x G19839 MxA 84 N 3 QTL
Blair & Izquierdo 2012 Cerinza x G10022 AxW 138 N 8 QTL
Mukeshimana et al 2014 SEA5 x CAL96 MxA 125 D-N 30 QTL
Cichy et al 2014 Black Magic x Shiny Crow M 100 N 5 QTL
Trapp et al 2015 Buster x Roza M 140 D-N 27 QTL
Kamfwa et al 2015 ADP A 237 N 9 GWA
Villordo-Pineda et al 2015 | Pinto Villa x Pinto Saltillo M 282 D-N 34 SMA
Moghaddam et al 2016 MDP M 280 N 11 GWA
Hoyos-villegas et al 2016 Merlot x SER48/55/94 M 76,36,48 N 9 QTL
Hoyos-villegas et al 2017 SNAD M 96 D-N 2 GWA
Heilig et al 2017 Puebla 152 x Zorro M 122 N 8 QTL
Diaz 2018 BAT 881 X G21212 M 95 D-N 4 QTL
da Silva et al 2018 Ruda x AND277 MxA 376 N 16 QTL
Resende et al 2018 DP M-A 188 N 4 GWA
Sandhu et al 2018 BK004-001 x H68-4 M 85 N 17 QTL
Onziga et al 2019 Portillo x Red Hawk A 97 D-N 3 QTL
Nabateregga et al 2019 BRB 191 x SEQ 1027 A 128 D-N 7 QTL
Berny Mier et al 2019 ICA Bunsi x SXB405 M 226 D-N 122 QTL
Geravandi et al 2020 Goli x AND1007 MxA 100 N 13 QTL
Wau et al 2020 SCAAS M-A 683 N 83 GWA
Keller et al 2020 VEF A 481 D-N 19 GWA

Diaz et al 2020 MAGIC M 636 D 42-50 QTL-GWA
Mir et al 2021 DP M-A 96 N 34 GWA
Nkhata et al 2021 DP M-A 99 N 43 GWA
Diaz et al 2022 SCR16xSMC40 M 100 D-N 10 QTL
Diaz et al 2022 SMC33xSCR16 M 100 D-N 6 QTL
Diaz et al 2022 SMC44xSCR9 M 100 D-N 16 QTL

Germplasm: andean diversity panel (ADP), middle american diversity panel (MDP), subset of north american diversity
panel (SNAD), subset Chinese academy of agriculture sciences (SCAAS), diversity panel (DP), Vivero Equipo Frijol
(VEF), multiparent advanced generation intercross (MAGIC). Gene pool: andean (A), middle american (M), wild
(W). Enviroment: drought (D), Non-drought (N).

The molecular markers with the highest test statistics associated with QTL were regarded as
the estimated location of QTL for each reported association. When the position of the peak markers
was not reported, the flanking marker position was used. If the position of the peak marker were
not reported and flanking markers were in a different chromosome the QTL were not used. When
the physical location of markers were not reported in the studies, we search for the amplicon
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sequences on the Legume Information System (Dash et al., 2016) (Supplemental Table 2.1).
When the SNP physical position were reported on P. vulgaris v1 genome, we extracted the 600 bp
surrounding sequence of P. vulgaris vl (Supplemental Table 2.2). The amplicons and
surrounding sequences were used for the Basic Local Alignment Search Tool (BLAST) analysis
against the P. vulgaris v2.1 genome for detecting the physical position. The number of QTL and
QTN associated with yield and yield components were visualized graphically via R package
ggplot2 3.3.5 (Wickham, 2009).
Conversion of physical to cM positions

The estimated location for all SNP markers in BARCBean6K_1 and BARCBean6K_2 chips,
and QTL and QTN were converted to cM position in the Stampede x Red Hawk reference map
based on physical position for the molecular markers on the P. vulgaris v2.1 genome (Schmutz et
al., 2014; Song et al., 2015) using a special version of cM converter for common bean
(http://mapdisto.free.fr/cMconverter/). For the projection of QTL, the confidence interval (CI) of

95% was estimated in the position where the molecular marker with the highest LOD value was
reported for each QTL. The formulas were Cl = 530/(N x R?) for backcross (BC), and Cl = 163/(N
x R?) for recombinant inbred line (RIL) populations (Guo et al., 2006a), where N is the population
size and R? is the proportion of phenotypic variance of the QTL. If the CI were beyond the end of
a chromosome, the Cl was cut off at the end of that chromosome. The QTN were projected into
the reference map to allow the comparison of GWAS and the MQTL analysis.
MQTL Analysis and QTN co-localization

The MQTL analysis for yield and yield components (MQTL-YC) was conducted in
BioMercator v4.2 software (Sosnowski et al., 2012a), and the best model of MQTL-YC was
chosen according to the prevalent value among Akaike Information Criterion (AIC), corrected
Akaike Information criterion (AICc and AIC3), Bayesian Information Criterion (BIC) and
Average Weight of Evidence (AWE) criteria. The Cl of the MQTL-YC was defined as the most
likely region but when QTL that belong to MQTL-YC were out of the CI, we used the extreme
QTL peaks as boundaries for further analyses. QTL, QTN, and MQTL-YC were visualized
graphically via Circos (Krzywinski et al., 2009)
Ortho-MQTL analysis

The P. vulgaris v2.1 (Schmutz et al., 2014) genome was compared to the Glycine max
Wm82.a2.v1 (Schmutz et al., 2010), Pisum sativum vla (Kreplak et al., 2019) and Oryza sativa v7
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(Quyang et al, 2007) genomes using the phyton version of MCScan
(https://github.com/tanghaibao/jcvi/wiki/MCscan). To detect ortho-MQTLs between common

bean and the other crops, we used the MQTL and MGWA analysis reported for soybean (Shook
etal., 2021), pea (Klein et al., 2020) and rice (Khahani et al., 2021) to identify the physical position
on the genomes of regions associated with seed yield and seed yield-components and we filtered
out the syntenic blocks that were out of MQTL-YC identified on common bean. The
EnsemblPlants database (Bolser et al., 2016) was used to identify the candidate and orthologous
genes among species and the paralogous genes in common bean.
Results

Distribution of yield and yield-components QTL and QTN

Hundreds of molecular markers related to seed yield and yield components have been reported
in common bean. To uncover the most consistent genomic regions associated with seed yield and
seven yield components under sufficient water and drought conditions, a total of 394 QTL from
24 biparental and one multi-parental population were used. The populations included two Andean,
and 15 Middle American intra-gene pool, five inter-gene pool, two Andean x wild, and a Middle
American x wild populations. These populations were field grown under sufficient water and/or
drought conditions from 1999 to 2017 and were reported in 21 studies (Table 2.1, Supplemental
Table 2.3). From the 394 QTL, 223 were identified under sufficient water and 171 under drought
conditions. The QTL reported for seed weight (SW), days to flowering (DF), yield (YDSD), and
pod harvest index (PHI) were the most common QTL reported in the studies representing 34%,
20%, 16% and 13% of total QTL, respectively.

Furthermore, a total of 349 QTN were compiled for seed yield and seven yield components
from 10 GWAS and one biparental population study that used a simplified method derived from
GWAS, a Single-Marker Analysis (SMA). The SMA and GWAS included germplasm of Andean
and Middle American gene pools. The populations were field grown under sufficient water and/or
drought conditions from 2009 to 2019 and were reported in 11 studies. (Table 2.1, Supplemental
Table 2.4). From the 349 QTN, 217 were identified under sufficient water, 79 under drought, and
53 under combined analysis of both conditions. The QTN reported for DF, DPM, SW, YDSD were
the most common representing 31%, 17%, 17%, and 14% of total QTN, respectively.

The QTL, SMA and GWAS were conducted at 35 different locations distributed in 13 countries
around the world (Figure 2.1). The distribution of QTL and QTN were unevenly distributed across
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the eleven chromosomes of common bean (Figure 2.2). Chromosome PvO1 presented the highest
number of QTL (69) and QTN (56) and chromosome Pv10 and Pv09 have the lowest number of
QTL and QTN (15) (Figure 2).
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Figure 2.1 Geographic distribution of QTL and GWAS used for the MQTL and co-localization
analyses.

Meta-QTL analysis

The physical position of 394 initial QTL were converted to cM using the recombination
estimated in the Stampede x Red Hawk map. Stampede x Red Hawk map has a total length of
1042.2 cM and an average distance among SNP of 0.17 cM (Song et al., 2015). The MQTL
analysis confined 373 (95%) of initial QTL into 58 MQTL for yield and yield components (MQTL-
YC) supported by at least two QTL identified in different populations, environments, or traits
(Table 2.2, Supplemental Table 2.5). The number of MQTL-YC per chromosome ranged from
three on chromosome Pv10 to eight on chromosome Pv01 (Figure 2.3). The Meta-QTL analysis
allowed a 3.2 reduction on average of the CI (3.8 cM) in comparison to the average CI of initial
QTL (12 cM). The MQTL-YC with the largest physical sizes were MQTL-YC1.2 (14.7 Mb),
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MQTL-YC3.3 (21.3 Mb), MQTL-YC4.2 (11.6 Mb), MQTL-YC6.1 (8.52 Mb), MQTL-YC7.5
(28.51 Mb) and MQTL-YC8.3 (42.2 Mb), all of them within the pericentromeric regions
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Figure 2.2 The number and distribution of QTL and QTN associated with yield and yield
components on common bean.

Further support for 40 MQTL-YC was obtained by the co-localization of 210 QTN reported
for seed yield and seed yield components in common bean. Since most of the QTN do not fall into
coding regions, and the linkage disequilibrium can affect the co-localization, QTN were
considered co-localized if they were within the Cl of MQTL-YC or within the boundaries of QTL
peaks that support each MQTL-YC (Table 2.2, Supplemental Table 2.6). The co-located QTN
led to the identification of 42 candidate genes that have been related with flowering, circadian
clock, root elongation, plant shoot branching, plant growth, leaf development, photoperiod, seed
weight, seed development, seed yield and seed yield components in several species as common
bean, arabidopsis, rice, soybean, ryegrass, and maize (Supplemental Table 2.7). The well-known
fin (Phvul.001G189200) and Ppd (Phvul.001G221100) genes are in MQTL-YC1.6 and MQTL-
YCL1.7, respectively, and several QTN were reported around them, which show the potential of
QTN to narrow down genomic regions to identify candidate genes.

MQTL-YC across yield components

Multiple yield component QTL/QTN were identified within individual MQTL-YC (Figure
2.4). In total, 38 out of 58 MQTL-YC included QTL/QTN for YDSD. The co-localization of
QTL/QTN for seed yield components with YDSD ranged from 68% (PHI) to 100% (HI). The
QTL/QTN for DF, DPM, PHI, SW and YDSD most frequently co-localized within MQTL-YC,
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however this could be a result of the higher number of QTL/QTN reported for these traits as
compared to HI, PDPL and SDPD (Figure 2.4). Pods per plant (PDPL) has been reported to be
critical for YDSD in dry bean (Kelly, 2018). QTL/QTN for PDPL had 93% co-localization with
SW and 53% with SDPD.
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Figure 2.3 Circus plot showing distribution of MQTL-YC, QTL and QTN associated with yield
and yield components on common bean. The outermost circle indicates the length on cM on the
reference genetic map. The second circle indicates the MQTLs with 95% confidence.
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Table 2.2 Description of detected MQTL-YC.

MQTL Pos (cM) Cl (cM) Pos (Mb) QTL-QTN N of populations QTL-QTN Traits Env GP Lat
MQTL-YC1.1 10.4 24 24 12-7 7-3 DF, DPM, HI, PHI, SW, YDSD D6, N13 B B
MQTL-YC1.2 27.4 0.6 11.4 11-16 4-6 DF, DPM, PDPL, SDPD, SW, YDSD D15, N10, C2 B B
MQTL-YC1.3 41.9 13 29.8 5-0 10 DF D3, N2 M Temp
MQTL-YC1.4 51.0 2.0 37.1 11-3 5-2 DF, DPM, PHI, SW, YDSD D7, N7 B B
MQTL-YC1.5 58.5 3.7 428 4-1 11 DF, DPM D2, N3 M Trop
MQTL-YC1.6 65.8 1.2 45.0 4-6 3-2 DF, DPM, SW, YDSD D1, N9 M B
MQTL-YC1.7 74.5 1.2 47.2 16-6 4-2 DF, DPM, PHI, SW, YDSD D4, N18 B B
MQTL-YC1.8 115.7 1.9 51.2 5-3 2-2 PHI, SDPD D4, N4 M B
MQTL-YC2.1 27.2 5.0 18 5-0 3-0 PDPL, SDPD, SW D2, N3 M B
MQTL-YC2.2 41.8 3.5 29 8-2 5-2 DF, HI, SW, YDSD D2, N7,C1 B B
MQTL-YC2.3 58.6 24 8.3 7-0 2-0 DPM, PHI, SW, YDSD D4, N3 M Temp
MQTL-YC2.4 71.9 2.4 718 5-0 1-0 DF D3, N2 M Temp
MQTL-YC2.5 935 3.7 30.7 6-12 3-4 DF, PDPL, PHI, SDPD, SW, YDSD D5, N13 B B
MQTL-YC2.6 120.5 5.3 41.0 5-2 2-2 DF, DPM, PHI, SW D5, N2 M
MQTL-YC2.7 161.4 0.4 417 5-2 2-1 PHI, SW D5, N2 M B
MQTL-YC3.1 4.8 54 1.0 3-1 3-1 DF, PHI, SW, YDSD D2, N2 M B
MQTL-YC3.2 37.4 4.4 3.6 9-0 2-0 PDPL, SW, YDSD D4, N5 B B
MQTL-YC3.3 67.5 3.2 314 5-5 4-5 DF, DPM, PDPL, SW, YDSD D1, N9 B B
MQTL-YC3.4 82.3 2.0 39.6 9-11 5-4 DF, DPM, SDPD, SW, YDSD D8, N12 B B
MQTL-YC3.5 88.4 2.2 417 10-1 6-1 DF, DPM, SW, YDSD D1, N9, C1 B B
MQTL-YC3.6 115.7 0.8 46.4 8-3 5-2 DF, HI, SW, YDSD D3, N8 B B
MQTL-YC4.1 4.2 2.6 0.5 7-6 6-5 DF, DPM, PHI, SDPD, SW, YDSD D4, N8, C1 B B
MQTL-YC4.2 48.5 3.0 12.6 7-5 33 DF, PDPL, SW, YDSD D4, N8 B B
MQTL-YC4.3 77.9 7.7 41.2 3-7 2-3 DF, DPM, PDPL, SW, YDSD D4, N6 B B
MQTL-YC4.4 98.9 3.4 43.6 4-0 1-0 PHI, SDPD D1, N3 M Temp
MQTL-YC4.5 127.8 1.0 454 6-6 4-2 DF, DPM, SDPD, YDSD D1, N10, C1 B B
MQTL-YC5.1 11.6 12.0 1.0 2-4 2-3 DPM, PHI, SW D1, N4, C1 B B
MQTL-YC5.2 49.3 3.3 4.7 13-0 3-0 DF, PHI, SDPD, YDSD D7, N6 B B
MQTL-YC5.3 59.9 2.8 12.4 5-0 1-0 Sw D3, N2 M Temp
MQTL-YC5.4 102.6 15 39.2 8-2 4-1 DF, DPM, PHI, SDPD, SW, YDSD N8, C2 B B
MQTL-YC6.1 30.8 34 12.2 6-11 33 DF, DPM, HI, PDPL, SDPD, SW, YDSD D10, N7 B B
MQTL-YC6.2 43.0 17 18.7 10-1 2-1 DF, PHI, SW, YDSD D7, N4 M B
MQTL-YC6.3 51.6 3.4 19.6 5-0 3-0 DF, SW D2, N3 B Trop
MQTL-YC6.4 62.6 23 21.0 4-0 4-0 DPM, PHI, SW N4 B Trop
MQTL-YC6.5 87.3 0.5 26.8 9-11 4-5 DF, DPM, PHI, SW, YDSD D7, N11, C2 B B
MQTL-YC7.1 154 4.8 1.9 8-3 4-2 DF, DPM, SW, YDSD D5, N6 M B
MQTL-YC7.2 40.3 2.6 55 4-0 4-0 SDPD, SW, YDSD D2, N2 B B
MQTL-YC7.3 46.3 5.1 7.2 2-1 2-1 PHI, SW D2, C1 B Trop
MQTL-YC7.4 55.0 6.8 8.9 2-0 1-0 PHI, SDPD D2 M Trop
MQTL-YC7.5 63.9 0.3 27.0 31-20 5-8 DF, DPM, PDPL, PHI, SDPD, SW, YDSD D23, N22, C6 B B
MQTL-YC8.1 9.4 1.9 1.0 7-5 4-4 DF, DPM, PHI, SW, YDSD D6, N6 M B
MQTL-YC8.2 25.2 5.7 31 2-0 2-0 DPM, SW N2 M Temp
MQTL-YC8.3 72.7 3.7 445 9-7 6-4 DF, DPM, PDPL, PHI, SDPD, SW, YDSD D6, N10 B B
MQTL-YC8.4 103.6 2.3 54.0 3-0 3-0 SDPD, SW, YDSD D2, N1 M Trop
MQTL-YC8.5 141.3 0.0 59.5 9-10 6-6 DF, DPM, PDPL, SDPD, SW, YDSD D2, N16, C1 B B
MQTL-YC9.1 2.6 4.3 1.9 2-2 2-1 DPM, PDPL, SW N4 A B
MQTL-YC9.2 31.8 6.2 143 4-3 3-2 DF, HI, PHI, SW, YDSD D1, N6 B B
MQTL-YC9.3 64.9 5.6 23.7 7-1 4-1 DF, DPM, SW D2, N6 B B
MQTL-YC9.4 84.2 5.8 26.6 3-1 2-1 DF, YDSD D1, N2, C1 B B
MQTL-YC9.5 90.8 35 29.5 2-0 1-0 DF, DPM N2 A Trop
MQTL-YC9.6 97.4 1.8 311 5-0 1-0 SW D3, N2 M Temp
MQTL-YC10.1 9.5 4.7 2.7 5-4 3-3 DPM, PDPL, PHI, SW, YDSD D3, N5, C1 M B
MQTL-YC10.2 85.8 8.4 40.9 3-7 3-2 DPM, PDPL, SDPD, YDSD D3, N7 B
MQTL-YC10.3 96.9 1.0 417 30 30 HI, SDPD, YDSD D1, N2 B B
MQTL-YC11.1 5.9 33 0.6 9-2 32 DF, SW, YDSD D5, N6 B B
MQTL-YC11.2 46.5 6.3 5.7 6-0 2-0 DF, SW D4, N2 M B
MQTL-YC11.3 76.5 29.2 38.7 2-8 1-6 DF, DPM, PDPL, SW, YDSD D3, N6, C1 B B
MQTL-YC11.4 104.7 1.2 49.7 3-2 2-2 DF, PHI, YDSD D2, N3 M B

Environment (Env): Drought (D), non-drought, and combined (C) conditions. Germplasm (GP): MQTL-YC with
effects in Andean (A), Middle American (M), and both (B) gene pools. Latitude (Lat): MQTL-YC within effects in
temperate (Tem), tropical (Trop), and both latitudes.
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Interestingly, the co-localization of QTL/QTN for PDPL with QTL/QTN for partitioning traits
(HI (7%), PHI (27%)) was lower compared to SDPD (HI (33%), PHI (47%)) and SW (HI (83%),
PHI (80%)). QTL/QTN for phenology traits (DF, DPM) showed a high co-localization frequency
with the other traits, ranging for DPM from 53% (SDPD) to 87% (SW).

The co-localization of different traits could be explained by pleiotropy or linkage
disequilibrium among causative loci. Although it is challenging to distinguish between them
(Chebib and Guillaume, 2021), some MQTL-YC seems to have pleiotropy caused by major QTL,
for example MQTL-YC1.6 comprising the fin locus that control growth habit (Figure 2.5a), while
others such as MQTL-YC3.5 seems to be controlled by tightly linked loci (Figure 2.5b). MQTL-
YC1.6 and MQTL-YC3.5 are both associated with DF, DPM, YDSD and SW. However, in
MQTL-YC1.6 all the QTL/QTN related to DF, DPM and YDSD are surrounding the fin loci, while
in MQTL-YC3.5 the QTL are clustered by trait.
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Figure 2.4 Upset plot showing the interaction among traits within the 58 MQTL-YC. The number
of MQTL-YC in which each trait was reported are displayed as horizontal bars in the lower-left
corner. The number of intersections are shown as vertical bars, with those including YDSD
QTL/QTN highlighted in orange. The QTL/QTN traits involved in each intersection are identified
with connected circles, with those including YDSD QTL/QTN highlighted in orange.
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Figure 2.5 Co-localization of QTL and QTN in a) MQTL-YC1.6 and b) MQTL-YC3.5. The
squares and circles represent QTL and QTN, respectively. The red triangle in MQTL-YC1.6 is the
location of the fin locus.

MQTL-YC across gene pool and latitude

From the 373 QTL contained in the MQTL-YC, the parental sources originated from wild,
Andean, and Middle American gene pools for 9, 68, and 296 QTL, respectively. Additionally,
from the 210 QTN that co-located with MQTL-YC, 53 and 57 were reported in Andean and Middle
American populations, respectively. The remainder 100 QTN were reported in diversity panels
including both gene pools. In total, 327 associations were identified in tropical (<30 degrees north
latitude), and 253 in temperate (>30 degrees north latitude) regions. Out of the total number of
MQTL-YC, two were specific for Andean, 22 for Middle American, and 34 have sources from
both gene pools. In total, 31 MQYL-YC were supported by QTL/QTN identified in both gene
pools and latitudes, which suggests that these regions could have an effect on a wide genetic
background, independently of the latitude (Table 2.2).
MQTL-YC across gene pool and latitude

From the 373 QTL contained in the MQTL-YC, the parental sources originated from wild,
Andean, and Middle American gene pools for 9, 68, and 296 QTL, respectively. Additionally,
from the 210 QTN that co-located with MQTL-YC, 53 and 57 were reported in Andean and Middle
American populations, respectively. The remainder 100 QTN were reported in diversity panels
including both gene pools. In total, 327 associations were identified in tropical (<30 degrees north
latitude), and 253 in temperate (>30 degrees north latitude) regions. Out of the total number of

MQTL-YC, two were specific for Andean, 22 for Middle American, and 34 have sources from
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both gene pools. In total, 31 MQYL-YC were supported by QTL/QTN identified in both gene
pools and latitudes, which suggests that these regions could have an effect on a wide genetic
background, independently of the latitude (Table 2.2).
MQTL-YC related with drought

In total, 51 out of 58 MQTL-YC were supported by QTL/QTN identified under both non-
drought and drought conditions, which supports the hypothesis that breeding for both conditions
simultaneously is possible. However, five out of those 51 (MQTL-YC1.4, MQTL-YC6.1, MQTL-
YC6.5, MQTL-YC7.5 and MQTL-YC8.3) appear to be relevant for drought due to the high
number (>6) of QTL/QTN in this environment and their association with partitioning. All these
MQTL-YC were supported by QTL/QTN identified in both gene pools and latitudes
(Supplemental Table 2.8).
Ortho-MQTL analysis

Genomic synteny was evaluated among the MQTL-YC identified in dry bean and MQTL
studies for pea (Klein et al., 2020) and rice (Khahani et al., 2021) and a MGWAS study for soybean
(Shook et al., 2021). In total, 43 MQTL-YC identified in this study showed synteny blocks (ortho-
MQTL-YC) with genomic regions associated with seed yield components in pea, soybean, and/or
rice (Supplemental Table 2.9 and 2.10). The most consistent ortho-MQTL-YC were identified
across legumes (Table 2.3, Figure 2.6). Among the ortho-MQTL-YC, the MQTL-YC3.6 was the
only one that showed synteny with genomic regions associated with yield components in rice,
soybean, and pea. Interestingly, the gene Phvul.003G252400 (49.2 Mb) located in MQTL-YC3.6
has orthologous genes related with the ortho-MQTL-YC in rice (LOC_0s02945054) and soybean
(Glyma.16G141100). The LOs02g45054 gene has been related with the transition from vegetative
to reproductive growth in rice (Deng et al., 2017). In total, 38 out of the 43 ortho-MQTL-YC
showed signatures of selection in common bean (Schmutz et al., 2014; Wu et al., 2020a), which
could indicate a convergent evolution of domestication traits in legumes (Wang et al., 2018; Rau
etal., 2019).
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Figure 2.6 Comparative maps of ortho-MQTLs among common bean, soybean and pea.

Table 2.3 Ortho MQTL-YC detected between common bean, soybean and pea.

MQTL Start (Mb) End (Mb) QTL-QTN GP
MQTL-YC2.1 14 19 5-0 M
MQTL-YC2.7 46.8 47.7 5-2 M
MQTL-YC3.1 0.2 2.0 31 M
MQTL-YC3.3 11.7 33.0 5-5 B
MQTL-YC3.4 35.4 40.0 9-11 B
MQTL-YC3.6 443 49.2 8-3 B
MQTL-YC5.2 46 7.2 130 B
MQTL-YC5.4 38.7 395 8-2 B
MQTL-YC75 111 396 31-20 B
MQTL-YC9.2 14.0 154 4-3 B
MQTL-YC10.2 405 413 3-7 B
MQTL-YC11.1 04 13 9-2 B
MQTL-YC11.3 10.1 454 2-8 B
MQTL-YC11.4 49.4 51.8 3-2 M

Germplasm (GP): MQTL-YC with effects in Middle American (M), and both (B) gene pools. *Maturity date (MD).
Discussion
Seed yield and seed yield components QTL and QTN on common bean
QTL and GWAS studies provide rich datasets to understand the genetic architecture of seed
yield in common bean and to use that information to improve breeding methods and targets. The
value of these studies is greatly increased when they are taken collectively as with the MQTL
approach. The integration of QTL and GWAS is an effective approach to take advantage of the

power of detection of QTL and high resolution of GWAS, narrowing down the number of
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candidate genes (Brown et al., 2021; Bilgrami et al., 2022). Seed yield is a complex trait that is
controlled for many QTL with small affects, and it is strongly affected by environmental
conditions. This complex genetic architecture reduces the power to uncover the genomic regions
that are associated with seed yield. To address this limitation, we identified seed yield components
that have been widely used in QTL and GWAS that have a less complex genetic architecture
controlled by fewer genes. Disaggregating complex traits into more simple ones can increase the
power to detect the causative loci (Benjamin et al., 2012).

The physical positions of all QTL and QTN evaluated in this study were physically positioned
in relation to the P. vulgaris reference genome v2.1. This allowed the comparison of genetic maps
from i) different mapping populations that depend on the number of markers and recombination
events to estimate the genetic positions of markers, and ii) studies that reported the QTL/QTN
positions on reference genome v1, since the physical position of markers change in the most
updated reference genome v2.1. The identification of physical positions in v2.1. for all QTL (394)
and QTN (349) included in this study allowed for the comparison from independent experiments
and environments and made an ideal dataset for MQTL analyses due to the high reliability of the
physical markers position on the latest genome reference v2.1.

MQTL analysis

The current MQTL analysis included QTL and QTN identified in the last 20 years in dry bean.
However, not all the QTL/QTN reported for seed yield components were consider in the analysis
because lack of information to identify their physical position. Additionally, instead of using a
consensus map that depends on common markers among individual mapping populations to
project the QTL/QTN, we used the recombination rate estimated in the highly saturated Stampede
x Red Hawk reference map genotyped with BARCBean6K_1 and BARCBean6K_2 BeadChips
that are commonly used for QTL and GWAS in dry bean (Song et al., 2015; Moghaddam et al.,
2016; Heilig et al., 2017; Geravandi et al., 2020). The use of recombination rate in the Stampede
x Red Hawk reference map i) overcome the need for common markers among individual maps,
and ii) improve the quality of the MQTL because the population size (267) is up to 8-fold compared
to the populations included in this study, which translate in a better estimation of the
recombination.

This study narrows down the CI of detected MQTL-Y C compared to the initial QTL. However,

although the gaussian mixture model implemented in Biomercator have been prove to be a good

43



clustering approach to determine the real number of distinct QTL (Veyrieras et al., 2007;
Sosnowski et al., 2012b), factors as population size, number of markers and QTL effect influence
the Cl of QTL, which affects the CI of the MQTL (Visscher and Goddard, 2004; Guo et al., 2006b).
Moreover, other biological factors such as linkage disequilibrium and genomic regulatory
elements that can influence gene expression of causative genes could be underestimated by the ClI
of the MQTL. For the above, although the CI is the most likely region estimated by the gaussian
mixture model, we were conservative and when QTL were out of the CI, we used the extreme QTL
to define the MQTL-YC regions. The MQTL-YC with the largest physical sizes were in the
pericentromeric regions. The pericentromeres contained 26.5% of the genes identified in common
bean, and the average recombination rate is lower (5.1 Mb/cM) compared to euchromatic arms
(0.24 Mb/cM) (Schmutz et al., 2014), which explained the large physical size of these MQTL-YC,
especially for MQTL-YC7.5 and MQTL-YC8.3 regions with a recombination rate of 9.2 and 6.9
Mb/cM, respectively (Schmutz et al., 2014).

Additional support for MQTL-YC were assessed with the co-localization of QTN associated
with seed yield and seed yield components. In this study, 60% (210) of QTN included co-localized
with 40 MQTL-YC, which suggest that 40% of QTN could be i) false-positive associations related
with population structure or ii) QTN related with rare alleles that are not common in breeding
programs. Interestingly, candidate genes associated with selection signatures have been reported
on 49 out of 58 MQTL-YC genomic regions in previous studies (Schmutz et al., 2014; Wu et al.,
2020b) (Supplemental Table 2.11).

The validation of candidate genes in dry bean is challenging because the lack of an efficient
transformation methodology (Hnatuszko-Konka et al., 2014). However, promising candidate
genes were identified by integrating MQTL-YC and reported QTN. The well-known genes fin and
Ppd related with determinacy and photoperiod sensitivity were identified precisely within MQTL-
YC with several QTN around them (<10 kb). We found that focusing on QTN that have co-
localization with MQTL-YC is a powerful approach to narrow down the genomic regions leading
to the identification of 42 candidate genes. The receptor associated kinase (RAK)
Phvul.006G020700 was closely located to QTN (69 kb) reported for YDSD, SW and DPM in
MQTL-YC6.1. In a study, transgenic plants silenced for RAK presented a reduction of seed
number in rice (Zhou et al., 2016). Interestingly, three QTL for SDPD were detected in MQTL-
YC6.1, which suggest that the role of Phvul.006G020700 could be similar in dry bean. MADS-
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box protein have been related with seed development in Arabidopsis (Gramzow and Theissen,
2010), and three MADS-box protein belonging to MQTL-YC2.7 are closely located to QTN for
SW and PHI. In addition, MQTL-YC2.7 comprised QTL for SW and PHI, which provide evidence
that this region is related with seed development. Although the 42 candidates genes detected within
MQTL-YC can potentially have the same function of orthologous genes, they should be validated,
and in absence of an efficient transformation methodology, functional genomics is an alternative
to provide this validation in future studies (Ibrahim et al., 2020).
MQTL-YC across yield components

Finding that 51 out of 58 MQTL-YC were supported by QTL/QTN identified under both
drought and non-drought conditions supports the hypothesis that yield potential is not exclusive
between non-stressful and stressful environments (Beebe et al., 2008; Diaz et al., 2018), and genes
related to traits such as photosynthate translocation, phenology, plant architecture, seed and
development could help to increase seed yield in both conditions. The MQTL-YC could be
classified into two groups depending on whether they are related to phenology. 46 MQTL-YC are
related to phenology (DF and/or DPM), and 12 have no QTL/QTN identified for DF or DPM.
Overall, increasing days to maturity allows plants to produce more biomass and have more time
for seed filling increasing partitioning, seed size and seed number leading to high seed yield under
sufficient water conditions. However, under drought conditions, the tendency of positive
correlation between seed yield with DF and DPM changes to negative due to abortion of flowers,
pods and seeds caused for water stress, especially under terminal drought in drought susceptible
lines. The antagonistic effect between DF and DPM with YDSD under drought conditions was
observed with the susceptible (MIB778) and drought tolerant parents (SEN56 and ALB213) in a
MAGIC population, where loci from MIB778 consistently increase DF and DPM, while loci of
SEN56 and ALB213 increase SW and YDSD (Diaz et al., 2020b). Remarkably, some drought
tolerant lines present increased yield in non-stressed conditions as well as slightly earlier maturity,
suggesting genetic effects of crop efficiency that do not depend on longer vegetative period (Beebe
et al., 2008). The previous finding is supported by five MQTL-YC (1.2, 2.3, 3.3, 6.5, 7.5) where
QTL for YDSD and DF/DPM were identified in the same population and loci from drought-
tolerant lines increased YDSD while reducing phenology traits (DF and/or DPM) (Wright and
Kelly, 2011; Trapp et al., 2015; Berny Mier Y Teran et al., 2019; Diaz et al., 2020b). Additionally,
phenology is affected by differences in photoperiod represented by long-day and short-day in
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temperate and tropical regions, respectively. Photoperiod sensitivity is under oligogenic control,
and has effects in the reproductive development (Weller et al., 2019). In a cross between an adapted
and a photoperiod sensitive landrace, the long-day treatment reduced the internode length,
increasing the number of pods per plant compared to short-day on dry bean (Gonzélez et al., 2021).
The differences between photoperiod sensitivity and reproductive development in high latitudes
are related with local adaptation, and the higher number of pods reported by Gonzalez et al. (2021)
could be beneficial for seed yield in temperate regions.

The most consistent MQTL-YC could be determined by the number of supported QTL/QTN
and the number of different genetic backgrounds where the associations were reported. We used
the following criteria to identify the most robust MQTL-YC in common bean: i) MQTL-YC with
QTL/QTN in at least 5 populations, and ii) MQTL-YC with at least one QTL/QTN for YDSD.
Based on these criteria, we identified 28 MQTL-YC that could be used in common bean breeding
to increase seed yield (Supplemental Table 2.8). Interestingly, 27 of these MQTL-YC were
supported by QTL/QTN reported with effect in both low and high latitudes and both water
supplies, and from them, 23 were supported by QTL/QTN with both gene-pools as sources while
the reminder four were supported by QTL/QTN where the sources were Middle American
genotypes. The MQTL-YC5.4 was the only robust MQTL-YC that was supported for QTL/QTN
under sufficient water conditions alone, which reinforced the hypothesis that genetic gain for seed
yield is achievable for both drought and non-drought simultaneously.

These robust MQTL-YC could be used to deploy marker-assisted selection strategies. It is
important to consider that all these MQTL-YC included phenological traits. However, QTL with
high additivity for DF and DPM (>2 days) were in general reported in crosses i) between parents
of different growth habit (Trapp et al., 2015), ii) including photoperiod sensitive material field
grown in temperate regions (Heilig et al., 2017), and iii) including wild accessions (Blair et al.,
2006), which suggest that increasing seed yield using these MQTL-YC in adapted germplasm with
similar growth habit should not increase significantly DPM. Besides, breeders in temperate regions
should look closely at the MQTL-YC1.7 comprising the Ppd locus controlling photoperiod
sensitivity, which in a dominant state could increase DF and even produce non-flowering plants
under long-day environments such in temperate regions (Weller et al., 2019).

Among the detected MQTL-YC in this study, 12 MQTL-YC are unrelated with phenology,
and although they do not fulfill our criteria to be labeled as robust MQTL-YC, these MQTL-YC
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have the potential to improve seed yield without increasing DF and DPM. As the number of
different populations supporting each MQTL-YC reflects their potential use in a wide genetic
background, we believe that the MQTL-YC unrelated with phenology with QTL/QTN identified
in at least three populations could be consider for breeding decisions.

MQTL-YC related with drought

Drought is one of the most important abiotic stress in common bean around the world, and it
is expected to affect more growing areas under future climate change scenarios (Beebe et al., 2008;
Hummel et al., 2018). Under drought conditions, susceptible dry beans cultivars slow vegetative
growth and seed filling while increasing flower and pod abortion, and tolerant genotypes maintain
high vegetative growth and seed filling, which suggest that high partitioning efficiency into seeds
is a good indicator of drought tolerance (Hageman and Volkenburgh, 2021). In the populations
used in this analysis, drought tends to reduce the number of pods and seeds per plant (Diaz et al.,
2022), while increasing SW (Diaz et al., 2018), which could be explained by less competition for
nutrients due to lower number of seeds during seed filling period.

Although the reported correlation between SW with PHI is not strong (Diaz et al., 2022), and
sometimes negative (Kamfwa et al., 2015), we identified that 80% (25) of the MQTL-YC that
involved QTL for PHI overlap with QTL reported for SW. Furthermore, a strong correlation of
PHI and seed number has been reported (Berny Mier Y Teran et al., 2019; Diaz et al., 2022),
indicating that sink strength is higher for the seed number than for SW. However, the number of
seeds per pod is more sensitive to abiotic stresses such as drought and heat, reducing the number
of seeds per pod (Berny Mier Y Teran et al., 2019; Diaz et al., 2022), which could lead to
partitioning in a reduced number of seeds increasing their size (Mukeshimana et al., 2014; Diaz et
al., 2020b). Although all the robust MQTL-YC but one identified in this study have QTL/QTN
identified under drought conditions, five MQTL-YC appear to be more relevant for drought. These
include, MQTL-YC1.4, MQTL-YC6.1, MQTL-YC6.5, MQTL-YC7.5 and MQTL-YC8.3 which
originate from 6 to 23 QTL/QTN identified under drought. These MQTL-YC are related with
phenology (DF, DPM) and partitioning (HI, PHI).

MQTL-YC related with domestication

Complex traits such as seed yield are controlled for many QTL with small effects across the
genome. However, complex traits could have major QTL, but due to domestication, most of them
are fixed (Doebley, 2006; Bernardo, 2008). Several major QTL for DF, DPM, PDPL and SW

47



belonging to MQTL-YC regions were reported in crosses that included landraces and wild
germplasm (Blair et al., 2006; Blair and Izquierdo, 2012; Checa and Blair, 2012; Geravandi et al.,
2020). The highest additivities for each trait were 11.4 grams for SW, four days for DF, three days
for DPM, and five pods for PDPL. Taking into account that the definition of additivity is half of
the difference between the two homozygous in biparental populations (Li et al., 2011), the effect
of these regions is large. However, QTL for the same traits reported in crosses between adapted
cultivars show that the effect is 10-fold lower, which reflects the effect of domestication in
common bean.

Furthermore, we identified that 58% (34) of the MQTL-YC are supported by QTL identified
in both gene pools. This could indicate that selection pressure for yield led to focusing on similar
genomic regions in both gene pools. Schmutz et al. (2014) reported that less than 10% of the genes
related with domestication were similar between both gene pools. However, this proportion could
be underestimated due to the lack of demographic information in that study to control false positive
regions with low genetic diversity (Bitocchi et al., 2017). Additionally, although Schmutz et al.
(2014) reported that more than 90% of the genes related to domestication in dry beans were gene
pool specific, most of them are physically close located, and domestication candidate genes for
both gene pools were located within 22 out of 34 MQTL-YC supported by QTL identified in both
gene pools, which give additional support to these regions in the control of domesticated traits as
seed yield components (Supplemental Table 2.11).

Comparative genomic analysis

Comparative genomics is a useful approach to identify orthologous loci that have been reported
in other species as causative loci. In this study, we compared the genome of common bean with
soybean, pea, and rice genomes to identify orthologous MQTL (ortho-MQTL) across species.
Since the genomic regions of 49 MQTL-YC were reported with signatures of selection (Schmutz
et al., 2014; Wu et al., 2020), it was reasonable to hypothesize that similar legumes as pea and
soybean could present orthoMQTL regions that control seed yield.

To assess the potential of comparative genomics to identify candidate genes, we chose MQTL-
YC3.6 that presented synteny blocks within MQTL reported on soybean, pea, and rice
(Supplemental Table 2.9). Kelly, 2018 suggested the importance of loci in chromosome PV03
related to yield in previous studies, although the loci were not well defined due to the availability

of analytical tools when prior studies were reported. The gene Phvul.003G252400 located at 49.2
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Mb has orthologous gene in soybean (Glyma.16G141100) and rice (LOC_0s02945054) in the
orthoMQTL regions. Phvul.003G252400 is a STK protein, and STK genes have been associated
in rice with flowering (Deng et al., 2017) and seed weight (Hu et al., 2012), and in maize the
overexpression of a STK protein significatively increased grain yield (Jia et al., 2020), which
makes this gene a strong candidate gene in dry bean. A paralogous of Phvul.003G252400 were
found in MQTL-YC7.5 (Phvul.007G174900 at 29.3 Mb). Interestingly, QTN associated with
YDSD were closely located to both genes (Cichy et al., 2014; Resende et al., 2018), and they can
be considered as candidate genes for seed yield.

Moreover, MQTL-YC1.8 showed synteny with a region related with SW in soybeans. This
MQTL-YC was related with SDPD in four populations (Berny Mier Y Teran et al., 2019; Wu et
al., 2020a; Nkhata et al., 2021; Diaz et al., 2022), and due to the relationship between SW and
SDPD, the orthoMQTL could be controlled by orthologous genes. The gene Phvul.001G256200
(50.9 Mb) is an ABC transporter orthologous to Glyma.18g012700 in soybean. ABC transporters
have been related with lodging resistance in soybean (Shook et al., 2021). Lodging has been
negatively related with stem diameter (wider stem diameter better lodging) (Soltani et al., 2016),
and bigger organs are frequently associated with larger seeds (Milla and Matesanz, 2017).
Furthermore, a response regulator receiver gene (Glyma.09 g040000) has been related with SW
and YDSD in soybean (Assefa et al., 2019), and an orthologous in dry bean (Phvul.001G258000)
was presented in MQTL-YCL1.8. The Phvul.001G256200 and Phvul.001G258000 presented
closely located QTN related to SDPD (Wu et al., 2020b; Nkhata et al., 2021). These finding
suggest that employing QTN, and comparative genomics could be useful to identify candidate
genes in MQTL-YC regions.

Conclusions

In this study, we described a genome-wide landscape for the most consistent genomic regions
associated with seed yield components through QTL and GWAS identified over the last two
decades in common bean. All QTL and QTN were positioned on genome reference v2.1, which
overcomes the limitation to compare results from older studies. To the best of our knowledge, this
is the first MQTL for seed yield components in dry bean, and the most consistent regions can be
used for candidate gene mining studies.

The robust MQTL-YC supported by at least five populations reported in this study should
considered for dry bean breeding to increase seed yield. The MQTL-YC regions could be used to

49



develop markers for marker-assisted selection and also into genomic selection models to assess
their potential as fixed variables to increase the prediction accuracies (lzquierdo et al., 2018;
McGowan et al., 2021). Functional genomics can be useful to identify candidate genes and to
understand the interaction among genes in these genomic regions and their effect on seed yield.
Furthermore, we found that the integration of QTL, GWAS and genomic information available
from other legumes and related crops could help to improve our understanding of the genetic

architecture of seed yield in dry bean.
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APPENDIX

Table S2.1 Sequence and physical position of SSR associated with QTL (First 5 rows).

Marker

Sequence

Length

Chr

Start

End

BMc224

BMc294

BM172

BMc280

PVBR113

CCACTTTATAATTTCTACTACTTCTCTCTCTCTCTCTCTC
TCTTACTCTCTGGGGGTCTGCATTCACTAGATACGGG
GAGAACCGACACCACCGTGAATTGACCTTC
GGTCGTGATGTCTCCATTTTTGTTTACCTTTTGTGCATA
TATATATATATACATATATATATATATACATATATATAT
ATATATATATGTGTGTGTGTGTATGTAAGTGCATGAT
GGGAGGTA
ACTGTAGCTCAAACAGGGCACTGTAGCAGGTGTTGAC
TTGAGAGAGAGAGAGAGAGAGAGAGAGAGAGAGAG
AGAGAGAGAGAGAGGAATCTCTCATGGCGGTATTGC
TAAATATTGCTAGTTGT
GAGGAAATATTGGNNGCAGAAATTGAAGAGAGAGA
GAGAGAGAGAGAGAGAGAGAGAGAGGGTTGGATTG
ATTTTCTTCTTCCTTTTTCCTAAGAGAATCTAATCTCAA
TCCTCAACCTCCTTATTGCG
TGTGCATTCTTCCTCCCATCTTCTTCTCTCTTCTCTTTCT
CTCTCTCTCTCTCTCTCTCTCCAACTACATAGTTTTATAC
ACCACTGATCAAATCAAATCAAACCATTTAACTACTGT
CAGACTTACCCTTTAC

59

108

124

126

130

135

11

47,409,645

32,100,636

45,866,746

42,426,509

2,276,514

47,409,539

32,100,758

45,866,616

42,426,637

2,276,647



Table S2.2 Sequence and physical position of SNPs associated with QTL and QTN (First row).

Paper

SNP

Chr

Position
vl*

Position
VZ**

Sequence

Wu et al.
2020

Chr01_35934
2

1

359,342

60

229,264

AAGAAGATAAAATGCTCAGTCTATGAAC
CTAATAAAATAGTTATAATATATATTTAC
ATAAAAAATTAACCTTTTCTCATTAAATA
TTATATGGAATAATAGTTTACCCCGGTC
TATACGATAGGTGAAAGTTTGTATATCT
GGTCGATCGACCGACACAACCAAATTCA
TTATACTTAACAGAAAACTAATGAAATT
AAACAGTAATCAAGTATTAGGTAATATA
CTTTTTAATCATGATCTAAAACATTAATT
AATCCAAATTAAAAAAAGCTTATGAAAA
TAATATAAATAATTACAGATTTTAAGGA
TAAGGTACGTCGTTATTCTACACTAATA
GCGTCGAACATCAAATACCAATCTCATT
TAAACATCAGAGTGTCTTTTATCATTCAA
GTTTGAAATTTACGAGAAGAAAGATAAT
CATTCTTAGTTTAAATCTCATTTGATATC
AAATAATTTAGAAATTAGTTTACTGTAA
TTGAAATTAAAATAGTAAAAATGAAATA
AACATTTTAATTCTGTTTCTAAAAAAGAC
AAATATCTTTGTGGTCCTTTCAGCACTGA
TGGCATGGCAACAAATGTATGGTTGGT
GGTGGTG



Table S2.3 QTL included in the MQTL analysis (First 20 rows).

Paper Pop Cross  TRAIT QTL ID Site Year Chr QTL QTL LOD R2 Add Cl Enviro

size type position Mb  position cM nment
Asfaw2012 97 RIO PHI As12_PHI8.1_Pa07D Palmira (Co) 2007 8 12.90 60.86 220 0.08 0.57 21.0 Drought
Asfaw2012 97 RIO PHI Asl12_PHI1.1_AwO09N Awassa (Et) 2009 1 32.41 50.08 324 0.12 152 140 Non-
Asfaw2012 97 RI0O  YDSD Asl2_YDSD1.1_AmO09N Amaro (Co) 2009 1 32.41 50.08 243 0.11 16991 153 drOI\Lljng
Asfaw2012 97 RIO YDSD As12_YDSD8.1_Pa07D Palmira (Co) 2007 8 39.35 68.20 290 0.14 4822 120 g:gﬂgm
Asfaw2012 97 RIO PHI As12 PHI1.1 PaO7N Palmira (Co) 2007 1 47.41 75.65 473 0.26 0.78 6.5 Non-
Asfaw2012 97 RIO PHI Asl12_PHI6.1_Pa07N  Palmira (Co) 2007 6 21.01 62.34 398 033 092 51 drol\LljcgJ;rTE
Asfaw2012 97 RIO HI As12_H19.1_Aw09N Awassa (Et) 2009 9 14.06 3092 227 011 478 153 drol\Ll]ngE
Blair2012 113 RIO SwW Blal2_SW9.1_Pa07D  Palmira(Co) 2007 9 23.13 6292 516 0.15 087 9.6 g:gﬂgm
Blair2012 113 RIO DPM Blal2_DPM6.2_Pa06D Palmira (Co) 2006 1 6.09 21.93 342 0.13 -0.77 11.1  Drought
Blair2012 113 RIO DF Blal2_DF5.1_PaO5N  Palmira (Co) 2005 3 11.67 5487 3.09 012 042 120 Non-
Blair2012 113 RIO SwW Blal2_SW6.9_Pa0O6N  Palmira(Co) 2006 6 8.54 2867 527 0.22 102 66 drOI\Lljng
Blair2012 113 RIO SW Blal2_SW6.5_Pa06D Palmira (Co) 2006 6 8.54 28.67 386 0.16 0.92 9.0 g:gﬂgm
Blair2012 113 RI0O  YDSD Blal2_YDSD3.3 Pa0O6N  Palmira (Co) 2006 5 37.08 81.02 327 0.14 15568 103 Non-
Blair2012 113 RIO Sw Blal2_SW6.16_Pa07N  Palmira (Co) 2007 6 19.57 51.65 806 0.30 128 48 dml\Lljgr:]E
Blair2012 113 RIO SwW Blal2_SW6.8_Pa06D  Palmira (Co) 2006 6 19.57 5165 548 0.21 105 69 g:gﬂgm
Blair2012 113 RIO SW Blal2_SW6.13_Pa07D Palmira (Co) 2007 6 19.57 51.65 6.18 0.17 0.95 8.5  Drought
Blair2012 113 RIO DPM Blal2_DPM6.3_PaO5N  Palmira (Co) 2005 6 21.01 62.34 440 050 097 29 Non-
Checa-Blair2012 84 RI0O  YDSD Ch12_YDSD3.1_PoN Popayan (Co) - 3 36.83 7846 314 0.12 -5.17 16.8 drol\Lljng
Checa-Blair2012 84 RIO SW Ch12_SW6.2_PoN Popayan (Co) - 6 19.57 51.65 353 0.14 -2.75 139 drol\Lljtg)Jrr:E
Checa-Blair2012 84 RIO DPM Ch12_DPM9.2_PoN Popayan (Co) - 9 1.82 249 480 0.20 -3.30 9.7 :rol\LljthlrEE
rought
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Table S2.4 QTN included in the MQTL analysis (First 20 rows).

Paper TRAIT QTN unified QTN ID Site Year Chr QTN positionbp QTN positioncM  pvalue R2 Notes Env
Galeano2012 PDPL PDPL2.1 Gal2_PDPL2.1 Pa09D  Palmira (Co) 2009 2 2,757,890 39.76 0.00 0.48 GLM Drought
Galeano2012  PDPL PDPL2.1 Gal2_PDPL2.1_Pa09N  Palmira (Co) 2009 2 2,757,890 39.76 0.00 0.46 GLM  Non-drought
Galeano2012  YDSD YDSD2.1 Gal2_YDSD2.1_PaO9N  Palmira (Co) 2009 2 23,186,699 77.60 0.01 0.10 MLM  Non-drought
Galeano2012  YDSD YDSD2.2 Gal2_YDSD2.2_Pa09N  Palmira (Co) 2009 2 23,681,150 81.94 0.01 0.12 MLM  Non-drought
Galeano2012  PDPL PDPL9.1 Gal2_PDPL9.1 Pa09D  Palmira (Co) 2009 2 29,180,769 90.29 0.03 0.09 MLM Drought
Galeano2012  PDPL PDPL9.1 Gal2_PDPL9.1_Pa0O9N  Palmira (Co) 2009 2 29,180,769 90.29 0.05 0.08 MLM  Non-drought
Galean02012 DPM DPM2.1 Gal2_DPM2.1_Pa09D  Palmira (Co) 2009 2 45,148,809 139.69 0.00 0.19 MLM Drought
Galeano2012 DPM DPM2.1 Gal2_DPM2.1_Pa09N Palmira (Co) 2009 2 45,148,809 139.69 0.00 0.24 MLM  Non-drought
Galeano2012  PDPL PDPL2.1 Gal2_PDPL2.1 Pa09D  Palmira (Co) 2009 2 45,148,809 139.69 0.01 0.16 MLM Drought
Galeano2012  PDPL PDPL2.1 Gal2_PDPL2.1_Pa09N  Palmira (Co) 2009 2 45,148,809 139.69 0.01 0.15 MLM Non-drought
Galeano2012  SDPD SDPD2.1 Gal2_SDPD2.1_Pa09D  Palmira (Co) 2009 2 45,148,809 139.69 0.02 0.13 MLM Drought
Galeano2012  YDSD YDSD2.3 Gal2_YDSD2.3_Pa09D Palmira (Co) 2009 2 45,148,809 139.69 0.04 0.12 MLM Drought
Galeano2012  YDSD YDSD2.3 Gal2_YDSD2.3_Pa09N  Palmira (Co) 2009 2 45,148,809 139.69 0.04 0.12 MLM  Non-drought
Galeano2012  PDPL PDPL2.2 Gal2_PDPL2.2_Pa09D  Palmira (Co) 2009 2 45,866,746 150.57 0.00 0.38 GLM Drought
Galean02012 DF DF3.1 Gal2_DF3.1_Pa09N Palmira (Co) 2009 3 28,340,387 63.76 0.04 0.13 MLM  Non-drought
Galean02012 DF DF3.2 Gal2_DF3.2_Pa09D Palmira (Co) 2009 3 39,901,377 83.58 0.00 0.14 MLM Drought
Galean02012 DF DF3.2 Gal2_DF3.2_Pa09N Palmira (Co) 2009 3 39,901,377 83.58 0.00 0.15 MLM  Non-drought
Galean02012 DPM DPM3.1 Gal2_DPM3.1_Pa09D  Palmira (Co) 2009 3 39,901,377 83.58 0.02 0.07 MLM Drought
Galeano2012  SDPD SDPD3.1 Gal2_SDPD3.1_Pa09N  Palmira (Co) 2009 8 39,901,377 83.58 0.02 0.08 MLM  Non-drought
Galean02012 SW SW3.1 Gal2_SWa3.1_Pa09N Palmira (Co) 2009 3 39,901,377 83.58 0.02 0.08 MLM  Non-drought
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Table S2.5 QTL within MQTL-YC regions (MQTL-YC1.1).

Chr MQTL ID QTL TRAIT LOD R2 Add QTL QTL Location Latitude Source Gene- Environment
Mb cM pool
source

Pv01 MQTL-YC1.1 Ge20_HI1.1_Kel4N HI 256 01 245 0.19 0.77 Kermanshah (Ir) 34.38 AND10 A Non-drought
Di22_PHI1.1_Pal3D PHI 3.16 0.1 2.1 0.9 3.73 Palmira (Co) 3.53 SC0R716 Drought
Sal8 _SW1.1_Mo16N SwW 59 0.1 0.5 1.60 6.61 Morden (Ca) 49.19 BK004- Non-drought
Si1l8 _SW1.1_Col2N SwW 7 01 196 2.66 10.77 Coimbra (Bra) -16.68 AIC\I)OD:;7 A Non-drought
Blb12_SW3.1_Da04N SW 8.77 0.2 5.7 285 10.99 Darien (Co) 3.91 Ceri7nza A Non-drought
Blb12_SW3.2_Pa99N SW 6.06 0.1 49 285 10.99 Palmira (Co) 3.53  Cerinza A Non-drought
Tr15_DF1.1_MillN DF 51 0.2 0.5 3.22 12.47 Mitchell,NE (US) 41.94 Buster M Non-drought
Tr15_DF1.1_Mil12N DF 42 0.1 0.3 3.22 12.47 Mitchell,NE (US) 41.94 Buster M Non-drought
Tr15_DF1.1_Ot11N DF 51 0.2 0.8 3.22 12.47  Othello, WA (US) 46.83 Buster M Non-drought
Tr15_DF1.1_Ot12N DF 51 0.2 1.2 3.22 12.47  Othello, WA (US) 46.83 Buster M Non-drought
Tr15_SW1.1_Ot11D SW 4 0.1 0.3 3.22 12.47  Othello, WA (US) 46.83 Buster M Drought
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Table S2.6 QTN within MQTL-YC regions (MQTL-YC1.1 and MQTL-YCL1.2).

MQTL ID QTL TRAIT Mb cM Location Latitude  Genepool  Pop size Env Year  p-value Study
MQTL-YC1.1 Wu20_DF1.1_Bil14N DF 0.23 0.95 Bijie (Chi) 27.3 M-A 683 Non-drought 2014 0.00 Wouetal2020
Di20_YDSD1.2 Pal4D  YDSD 025  1.05 Palmira (Co) 35 M 636 Drought 2014 0.00 Diaz2020
Di20_DPM1.1_Pal4D DPM 0.76 3.15 Palmira (Co) 315 M 636 Drought 2014 0.00 Diaz2020
Wu20_DPM1.1_Bil4N DPM 0.87 3.58 Bijie (Chi) 27.3 M-A 683 Non-drought 2014 0.00 Wouetal2020
Nk21_YDSD1.1_JoN YDSD 1.64 6.76  Chitedze-Mbawa (Ma) -12.9 M-A 99 Non-drought ~ 2018-2019 0.00 Nkhata2021
Di20_PHI1.1_Pal3D PHI 2.16 8.92 Palmira (Co) 35 M 636 Drought 2013 0.00 Diaz2020
Wu20_DF1.2_Bi14N DF 292 11.06 Bijie (Chi) 27.3 M-A 683 Non-drought 2014 0.00 Wouetal2020
MQTL-YC1.2 Mi21_PDPL6.1_JaN PDPL 6.09 21.93 Jammu (In) 32.7 M-A 96 Non-drought - 0.03 Mir2021
Vil5_SW1.1_CeC SwW 6.15  22.09 Celaya (Mex) 20.5 M 282 Combined 2010-2011 0.00 Villordo2015
Nk21_YDSD1.2_JoN YDSD 6.47 22,99  Chitedze-Mbawa (Ma) -12.9 M-A 99 Non-drought ~ 2018-2019 0.00 Nkhata2021
Vil5_DF1.1_CeC DF 6.57 23.23 Celaya (Mex) 20.5 M 282 Combined 2010-2011 0.00 Villordo2015
Wu20_SW1.1_Sni5N SwW 6.91  23.79 Sanya (Chi) 18.3 M-A 683 Non-drought 2015 0.00 Wouetal2020
Mo16_DF1.1_JoN DF 791  25.50 CO, NE (US) 40.7 M 280 Non-drought - 0.00  Moghaddam?2016
Di20_DPM1.2_Pal3D DPM 10.53  27.04 Palmira (Co) 35 M 636 Drought 2013 0.00 Diaz2020
Di20_YDSD1.1_Pal4D YDSD 1122  27.04 Palmira (Co) 35 M 636 Drought 2014 0.00 Diaz2020
Di20_YDSD1.1_Pal3D YDSD 1125  27.04 Palmira (Co) 35 M 636 Drought 2014 0.00 Diaz2020
Di20_DPM1.2_Pal4D DPM 1156 29.69 Palmira (Co) 35 M 636 Drought 2014 0.00 Diaz2020
Wu20_DF1.3_Sn16N DF 1356  29.82 Sanya (Chi) 18.3 M-A 683 Non-drought 2016 0.00 Wouetal2020
Mo16_DF1.2_JoN DF 13.75  29.84 CO, MI, ND (US) 43.5 M 280 Non-drought = 0.00  Moghaddam?2016
Di20_DF1.2_Pal3D DF 14.67  29.95 Palmira (Co) 35 M 636 Drought 2013 0.00 Diaz2020
Nk21_PDPL1.1_JoN PDPL 15.95 30.90 Chitedze-Mbawa (Ma) -12.9 M-A 99 Non-drought ~ 2018-2019 0.00 Nkhata2021
Mo16_DF1.3_JoN DF 16.88  30.90 M, CO (US) 41.4 M 280 Non-drought - 0.00  Moghaddam?2016
Di20_DF1.2_Pal4D DF 17.63  30.90 Palmira (Co) 3.5 M 636 Drought 2014 0.00 Diaz2020
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Table S2.7 Candidate genes (First 7 rows).

MQTL

Name

Chr

start

end

QTN

QTN Mb position

distance Mb QTN - Gene

Gene description

Reference

MQTL-YC1.1

MQTL-YC1.2

MQTL-YC1.2

MQTL-YC1.2

MQTL-YC1.2

MQTL-YC1.5

MQTL-YC1.6

Phvul.001G027400

Phvul.001G085200

Phvul.001G087300

Phvul.001G089900

Phvul.001G094300

Phvul.001G176200

Phvul.001G186400

PvO1

PvO1

PvO1

PvO1l

PvO1

Pv01

PvO1

2.45

13.12

13.55

14.66

16.83

43.30

44.43

2.45

13.13

13.55

14.66

16.83

43.30

44.43

Di20_PHI1.1_Pal13D

Wu20_DF1.3_Sn16N

Wu20_DF1.3_Sn16N

Di20_DF1.2_Pal3D

Mo16_DF1.3_JoN

Nk21_DF1.1_JoN

Wu20_DF1.4_Nn16N

2.16

13.56

13.56

14.67

16.88

42.92

44.79
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0.29

0.43

0.00

0.01

0.04

0.38

0.36

PTHR10992:SF891 - STRIGOLACTONE
ESTERASE D14 HOMOLOG-RELATED

PTHR36762:SF2 - A THALIANA MRNA
(ORF19) FROM CHROMOSOME I

PTHR31717:SF3 - ZINC FINGER
PROTEIN CONSTANS-LIKE 14-
RELATED

PF03514 - GRAS domain family
(GRAS)

K11650 - SWI/SNF-related matrix-
associated actin-dependent
regulator of chromatin subfamily D
(SMARCD)

PTHR10593:SF42 - ZINC FINGER
PROTEIN JACKDAW ,
SERINE/THREONINE-PROTEIN
KINASE RIO

PTHR11945:SF185 - AGAMOUS-LIKE
MADS-BOX PROTEIN AGL62

Yao et al 2018

Ciannamea et al 2007

Tiwari et al 2010

Tyler et al 2004

Jégu et al 2014

Jia et al 2020

Gramzow and Theissen

2010


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5913607/

Table S2.8 Robust MQTL-YC supported by more than five populations.

Chr MQTL Pos (cM) CI (cM) Pos (Mb) # of # of populations Env GP Lat
QTL-QTN QTL-QTN
Pv0l MQTL-YC1.1 10.4 24 24 12-7 7-3 D6, N13 B B
MQTL-YC1.2 27.4 0.6 114 11-16 4-6 D15,N10,C2 B B
MQTL-YC1.4 51.0 2.0 37.1 11-3 5-2 D7, N7 B B
MQTL-YC1.6 65.8 1.2 45.0 4-6 3-2 D1, N9 M B
MQTL-YC1.7 74.5 1.2 47.2 16-6 4-2 D4, N18 B B
Pv02 MQTL-YC2.2 41.8 35 2.9 8-2 5-2 D2, N7, C1 B B
MQTL-YC2.5 93.5 3.7 30.7 6-12 3-4 D5, N13 B B
Pv03  MQTL-YC3.3 67.5 3.2 314 5-5 4-5 D1, N9 B B
MQTL-YC3.4 82.3 2.0 39.6 9-11 5-4 D8, N12 B B
MQTL-YC3.5 88.4 2.2 41.7 10-1 6-1 D1, N9, C1 B B
MQTL-YC3.6 115.7 0.8 46.4 8-3 5-2 D3, N8 B B
Pv04  MQTL-YC4.1 4.2 2.6 0.5 7-6 6-5 D4, N8, C1 B B
MQTL-YC4.2 485 3.0 12.6 7-5 3-3 D4, N8 B B
MQTL-YC4.3 77.9 7.7 41.2 3-7 2-3 D4, N6 B B
MQTL-YC4.5 127.8 1.0 454 6-6 4-2 D1,N10,C1 B B
Pv05 MQTL-YC5.4 102.6 15 39.2 8-2 4-1 N8, C2 B B
Pv06  MQTL-YC6.1 30.8 34 12.2 6-11 3-3 D10, N7 B B
MQTL-YC6.5 87.3 0.5 26.8 9-11 4-5 D7,N11,C2 B B
Pv07 MQTL-YC7.1 15.4 4.8 1.9 8-3 4-2 D5, N6 M B
MQTL-YC7.5 63.9 0.3 27.0 31-20 5-8 D23,N22,C6 B B
Pv08 MQTL-YC8.1 9.4 1.9 1.0 7-5 4-4 D6, N6 M B
MQTL-YC8.3 72.7 3.7 44.5 9-7 6-4 D6, N10 B B
MQTL-YC8.5 141.3 0.0 59.5 9-10 6-6 D2,N16,C1 B B
Pv09  MQTL-YC9.2 318 6.2 14.3 4-3 3-2 D1, N6 B B
Pvi0 MQTL-YC10.1 9.5 4.7 2.7 5-4 3-3 D3, N5, C1 M B
MQTL-YC10.2 85.8 8.4 40.9 3-7 3-2 D3, N7 B B
Pvll MQTL-YC11.1 5.9 33 0.6 9-2 3-2 D5, N6 B B
MQTL-YC11.3 76.5 29.2 38.7 2-8 1-6 D3, N6, C1 B B
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Table S2.9 Ortho MQTL-YC between common bean, soybean, pea, and rice.

MQTL start end N of Traits Genepool *MQTL soybean MQTL pea
(Mb)  (Mb)  QTL-QTN
MQTL-YC1.1 0.2 3.2 12-7 DF, DPM, HI, PHI, SW, YDSD B SW_ms967 -
MQTL-YC1.2 5.5 20.2 11-16 DF, DPM, PDPL, SDPD, SW, - mQTL5.2
YDSD
MQTL-YC1.4 31.2 38.9 11-3 DF, DPM, PHI, SW, YDSD B - mQTL5.2
MQTL-YC1.7 47.0 48.1 16-6 DF, DPM, PHI, SW, YDSD B - mQTL5.1
MQTL-YC1.8 51.0 51.3 5-0 PHI, SDPD M MD_il989, SW_1il64 =
MQTL-YC2.1 1.4 1.9 5-0 PDPL, SDPD, SW M SW_meta mQTL1.4, mQTL4.3
MQTL-YC2.2 2.8 3.9 8-2 DF, HI, SW, YDSD B MD_ms1999.01 -
MmQTL-YC2.3 8.1 12.3 7-0 DPM, PHI, SW, YDSD M MD_il989 -
MQTL-YC2.4 17.4 22.2 5-0 DF M - mQTL7.2
MQTL-YC2.6 39.3 423 5-2 DF, DPM, PHI, SW M DF_ms1999.01, YIELD_meta -
MQTL-YC2.7 46.8 47.7 5-2 PHI, SW M DF_ms923 mQTL7.1
MQTL-YC3.1 0.2 2.0 3-1 DF, PHI, SW, YDSD M YIELD_il0102 mQTL2.1-2.2
MQTL-YC3.2 2.6 41 9-0 PDPL, SW, YDSD B MD_il989 -
MQTL-YC3.3 11.7 33.0 5-5 DF, DPM, PDPL, SW, YDSD B SW_meta mQTL4.1, mQTL4.2
MQTL-YC3.4 354 40.0 9-11 DF, DPM, SDPD, SW, YDSD B SW_meta mQTL4.1, mQTL4.2
MQTL-YC3.6 44.3 49.2 8-3 DF, HI, SW, YDSD B YIELD_2il81.2 mQTL4.3
MQTL-YC4.1 0.2 2.1 7-6 DF, DPM, PHI, SDPD, SW, B DF_ms923 -
YDSD
MQTL-YC4.2 8.6 20.3 7-5 DF, PDPL, SW, YDSD B - mQTL6.2
MQTL-YC4.4 42.8 43.6 4-0 PHI, SDPD M = mQTL6.2
MQTL-YC4.5 45.2 46.3 6-6 DF, DPM, SDPD, YDSD B - mQTL6.1
MQTL-YC5.1 0.4 1.8 2-4 DPM, PHI, SW B - mQTL3.3
MQTL-YC5.2 4.6 7.2 13-0 DF, PHI, SDPD, YDSD B DF_sojams989 mQTL6.1
MQTL-YC5.3 10.6 16.1 5-0 SW M - mQTL3.3
MQTL-YC5.4 38.7 39.5 8-2 DF, DPM, PHI, SDPD, SW, B MD_2mn81 mQTL3.4
YDSD
MQTL-YC6.1 8.5 17.1 6-11 DF, DPM, HI, PDPL, SDPD, B YIELD_ms923 -
SW, YDSD
MQTL-YC6.4 21.0 21.7 4-0 DPM, PHI, SW B - mQTL5.1
MQTL-YC6.5 24.4 30.3 9-11 DF, DPM, PHI, SW, YDSD B - mQTL6.3
MQTL-YC7.1 0.8 2.4 83 DF, DPM, SW, YDSD M DF_meta, MD_meta, -
YIELD_meta
MQTL-YC7.2 4.4 5.6 4-0 SDPD, SW, YDSD B - mQTL2.3
MQTL-YC7.5 11.1 39.6 31-20 DF, DPM, PDPL, PHI, SDPD, B DF_il989, MD_il989 mQTL2.1-2.2
SW, YDSD
MQTL-YC8.1 0.3 1.8 7-5 DF, DPM, PHI, SW, YDSD M - mQTL5.2-5.3
MQTL-YC8.4 52.7 55.0 3-0 SDPD, SW, YDSD M - mQTL1.2-1.3
MQTL-YC8.5 58.2 62.8 9-10 DF, DPM, PDPL, SDPD, SW, B - mQTL1.1
YDSD
MQTL-YC9.2 14.0 15.4 4-3 DF, HI, PHI, SW, YDSD B SW_il0102 mQTL3.1
MQTL-YC9.3 18.0 25.6 7-1 DF, DPM, SW B = mQTL3.2
MQTL-YC9.4 26.4 28.2 3-1 DF, YDSD B - mQTL3.2
MQTL-YC9.5 289 30.0 2-0 DF, DPM A DF_meta, MD_meta -
MQTL-YC10.1 1.2 5.5 5-4 DPM, PDPL, PHI, SW, YDSD M - mQTL4.5
MQTL-YC10.2 40.5 41.3 3-7 DPM, PDPL, SDPD, YDSD B DF_5il90 mQTL4.5
MQTL-YC11.1 0.4 13 9-2 DF, SW, YDSD B DF_ms923 mQTL7.3
MQTL-YC11.2 53 6.1 6-0 DF, SW M - mQTL7.4
MQTL-YC11.3 10.1 45.4 2-8 DF, DPM, PDPL, SW, YDSD B DF_meta, MD_il989, mQTL7.3-7.4
YIELD_mn945
MQTL-YC11.4 49.4 51.8 3-2 DF, PHI, YDSD M YIELD_ms967 mQTL4.5
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Table S2.10 Syntenic blocks between common bean, soybean, pea, and rice within MQTL-YC identified in common bean (First 10

rows).
MQTL Chr strt end Chr strt end Ortho Species
mQTL
MQTL-YC1.2 1 12,009,948 13,845,018  LGS5chr3 187,952,271 192,418,130 mQTL5.2 Pea
MQTL-YC1.2 1 18,472,836 20,540,720 LG5chr3 184,289,381 187,946,539 mQTL5.2 Pea
MQTL-YC1.4 1 29,767,067 31,046,003  LG5chr3 169,998,654 173,522,317 mQTL5.2 Pea
MQTL-YC1.4 1 33,325,226 39,198,785 LG5chr3 140,420,101 170,216,805 mQTL5.2 Pea
MQTL-YC1.7 1 44,093,189 47,900,606 LG5chr3 32,842,937 86,514,356 mQTL5.1 Pea
MQTL-YC1.7 1 47,929,577 48,150,380 LG5chr3 29,173,139 32,528,101 mQTL5.1 Pea
mMQTL-YC2.1 2 58,574 3,383,145  LGichr2 389,416,003 415,611,929 mQTL1.4 Pea
MQTL-YC2.1 2 1,443,439 1,736,027  LG4chrd 145,466,627 149,435,633 mQTL4.3 Pea
MQTL-YC2.4 2 16,216,312 18,008,439 LG7chr7 209,697,413 217,268,596 mQTL7.2 Pea
MQTL-YC2.7 2 44,080,455 47,787,960 LG7chr7 23,576,558 79,789,474 mQTL7.1 Pea
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Table S2.11 List of candidate genes within MQTL-Y C regions related to domestication by Schmutz et al 2014 and Wu et al 2020
(First 10 rows).

Name Gene pool Chr Start End MQTL_YC Description Reference
PTHR22893//PTHR22893:SF62 - NADH Schmutz et al
Phvul.001G000800 Andean 1 35,239 37,775 MQTL-YC1.1 OXIDOREDUCTASE-RELATED // SUBFAMILY NOT 2014
NAMED (1 of 2)
PF01535//PF13041 - PPR repeat (PPR) // PPR repeat Schmutz et al
Phvul.001G001200 Andean 1 62,008 69,638 MQTL-YC1.1 family (PPR_2) (1 of 197) 2014
. PTHR22835//PTHR22835:SF227 - ZINC FINGER FYVE
Middle Schmutz et al
Phvul.001G004500 . 1 271,490 275,181 MQTL-YC1.1 DOMAIN CONTAINING PROTEIN // SUBFAMILY NOT
American 2014
NAMED (1 of 4)
Middle Schmutz et al
Phvul.001G008300 . 1 619,173 620,063 MQTL-YC1.1 PTHR31384:SF10 - AUXIN RESPONSE FACTOR 5 (1 of 2)
American 2014
Middle PTHR10992//PTHR10992:SF866 - ALPHA/BETA Schmutz et al
Phvul.001G009400 American 1 709,104 712,781 MQTL-YC1.1 HYDROLASE FOLD-CONTAINING PROTEIN // 2014

SUBFAMILY NOT NAMED (1 of 2)
K10572 - inositol-pentakisphosphate 2-kinase (IPPK) (1 Schmutz et al

Phvul.001G012200 Andean 1 928,512 932,896 MQTL-YC1.1 of 2) 2014
PTHR10584//PTHR10584:SF153 - SUGAR KINASE // Schmutz et al

Phvul.001G013100 Andean 1 1,000,437 1,003,967 MQTL-YC1.1 SUBFAMILY NOT NAMED (1 of 2) 2014
PF01535//PF13041//PF13812 - PPR repeat (PPR) // Schmutz et al

Phvul.001G013700 Andean 1 1,038,062 1,040,704 MQTL-YC1.1 PPR repeat family (PPR_2) // Pentatricopeptide repeat 2014

domain (PPR_3) (1 of 46)

Schmutz et al

Phvul.001G014200 Andean 1 1,064,026 1,069,515 MQTL-YC1.1 PTHR11746:SF89 - MAF-LIKE PROTEIN (1 of 2) 2014
Schmutz et al

Phvul.001G014300 Andean 1 1,073,244 1,074,353 MQTL-YC1.1 PTHR24078:SF177 - PROTEIN DNJ-23-RELATED (1 of 12) 2014
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CHAPTER 3: GWAS-ASSISTED AND MULTI-TRAIT GENOMIC PREDICTION FOR
IMPROVEMENT OF SEED YIELD AND CANNING QUALITY TRAITS IN A BLACK
BEAN BREEDING PANEL
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Abstract

A major end use of dry beans (Phaseolus vulgaris L) in the U.S. is the canning market. Canning
quality is an important consideration in the dry bean breeding process. However, the need for
specialized equipment and trained sensory panels required to effectively evaluate canning quality
limit the capacity to incorporate it into many dry bean breeding programs. The integration of
genomics and phenomics has the potential to increase selection accuracy and intensity in traits that
are difficult to measure and/or have a complex genetic architecture. Genomic prediction (GP) has
been shown to improve breeding progress for complex traits. Furthermore, the use of phenotypic
correlated traits in GP using multi-trait models can boost prediction accuracies. In this study, we
assessed the prediction accuracy of single-trait and multi-trait GP models and the use of significant
markers identified through genome-wide association (GWAS) in a black bean advanced breeding
lines over two breeding cycles. We identified that prediction accuracies were moderate for yield
and canning appearance, and high for seed weight, texture, and color retention when individuals
from the same breeding cycle were used, and no significant differences were observed between
single-trait and multi-trait models, or with the addition of significant SNP markers identified by
GWAS in the models. However, when predictions were evaluated between breeding cycles, multi-
trait models outperformed single-trait models by up to 61% and 37% for canning appearance and
seed vyield, respectively, and the use of associated markers identified by GWAS increased
prediction accuracy up to 39% and 9% for seed weight and color retention. As genotypes from the
new breeding cycle were included in the models, prediction accuracy tended to increase. Our
results demonstrate the potential of multi-trait models and GWAS-Assisted genomic prediction to
increase the prediction ability of complex traits such as seed yield and canning quality traits in dry
beans and exhibit the need of updating the training data set for the implementation of genomic
prediction in a dry bean breeding program.

Introduction

Dry bean is a nutrient dense crop and regular consumption has been related with the prevention
of cardiovascular diseases in humans (Bogweh and Ageyo, 2021). To increase dry bean
consumption, breeders have worked to improve consumer acceptance traits such as cooking time,
nutritional and canning quality (Qureshi and Sadohara, 2019). The measure of these traits usually
involve specialized methodologies that is often challenging for breeding programs to implement
(Mendoza et al., 2014). Canning quality is a measure of how well beans withstand the canning
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process and includes attributes such as visual appearance, color, and texture. Canning quality traits
are relevant in countries as US, where canned beans represent a major segment of the market of
this crop (Miklas, Kelly & Cichy 2022). Despite the importance of canning quality, few studies
have been investigated the genetic architecture of the color retention, texture, and appearance of
canned dry beans (Wright and Kelly, 2011; Cichy et al., 2014; Sandhu et al., 2018; Bornowski et
al., 2020; Bassett et al., 2021), showing the quantitative nature of these traits.

High-throughput phenotyping (HTP) methodologies have proved to be useful to assist
selection for complex traits in plant breeding (Rebetzke et al., 2019). In dry beans, the use of near-
infrared spectroscopy (NIRS) has been assessed to predict texture, color and visual appearance of
canned dry beans, presenting low to moderate accuracy for texture and visual appearance, and high
accuracy for color retention (Mendoza et al., 2014; Mendoza et al., 2018). However, predictions
of NIRS have been reported with higher accuracy for dietary fiber, uronic acids, calcium, and
magnesium when ground dry beans were used compared to intact seeds to take the spectral data
(Plans et al., 2012). Nevertheless, from the breeding perspective, the use of non-destructive
methodologies such as NIRS are beneficial when there are not available a large number of seeds
and/or the number of genotypes is unmanageable with time consuming methodologies. Nowadays,
the use of spectral data to predict phenotypes is a rapid and affordable methodology for select
complex traits in plant breeding, and has been successfully apply in crops such as soybean, wheat,
and maize to predict seed yield and chemical traits (Ge et al., 2019; Hassan et al., 2019; Parmley
et al., 2019). However, due to the high dimensionality of spectral data, the use of methods to
estimate feature importance for predictors (i.e., wavebands) and variable selection can prevent
overfitting and increase the accuracy of prediction (Parmley et al., 2019; Lopez-Cruz et al., 2020).

In addition to HTP, high-throughput genotyping platforms such as genotyping by sequencing
(GBS) has been also adopted in plant breeding. GBS is a fast and low-cost methodology to generate
hundreds to millions of SNP that have been use in genetic diversity, QTL, genome-wide
association studies (GWAS) and genomic prediction in dry beans (Berry et al., 2020; Diaz et al.,
2020; Keller et al., 2020; Sadohara et al., 2022). Due the low-cost, GBS is an ideal methodology
to use as routine when a breeding program want to implement genomic prediction into the breeding
pipeline. Unlike QTL and GWAS methodologies that identify genomic regions that are associated
with target traits, genomic prediction uses the information of all the molecular markers in a set of
individuals with phenotype and genotype information (training set) to estimate the genetic value
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for the target traits of individuals with genotype data (testing set). The relationship between the
training and testing sets are of paramount importance for the success of genomic prediction (Crossa
et al., 2021). Genomic prediction is useful in quantitative traits, where prediction tools are more
suitable than identifying and stack tens to hundreds of QTL in the germplasm (Bernardo, 2020).
In sum, genomic prediction has high potential to improve traits that have low heritability, are
difficult to measure, or impossible to measure (e.g. not enough seeds, money or equipment to
measure the target trait).

All of the genomic prediction studies conducted to date in dry bean have been use single trait
(ST) models to estimate the genetic values (Barili et al., 2018; Keller et al., 2020; Diaz et al.,
2021a; Diaz et al., 2021b; Shao et al., 2022). However, when phenotypic correlated traits are used
as secondary trait using multi-trait (MT) models, the prediction accuracy of MT models can
surpass the performance of ST models. (Arojju et al., 2020; Montesinos-Lopez et al., 2022). In
addition to correlated traits, selection indices has been also used as secondary traits in MT models
and has increased the prediction ability in wheat (Rutkoski et al., 2016).

The integration of genomics and phenomics has the potential to increase the genetic gain per
unit of time in plant breeding (Crossa et al., 2021). The objectives of this study were to i) compare
the performance of ST and MT models in agronomic and canning quality traits in a black dry bean
breeding panel, ii) assess the used of NIRS to create selection indices to use as secondary trait in
MT models, iii) evaluate the use of consistent QTL identified through GWAS in genomic
prediction models, and iv) determine the percentage of new genotypes needed to update genomic
prediction after one breeding cycle.

Materials and methods
Plant material

The plant material in this study comprised a population of 415 black breeding lines (BBL)
from Michigan State University and USDA-ARS breeding programs. The BBL were evaluated in
the experimental field of Michigan State University's (MSU) Saginaw Valley Research and
Extension Center in Richville, Michigan. In total, a set of 272 BBL were planted in both 2018 and
2019, while 143 new lines were planted only in 2019. Each genotype was planted in a randomized
complete block design with two field replications as 4-row plots with 50 cm row spacing and were
end-trimmed to a length of 4.5 m. The black bean cultivars, Eclipse, Zorro, and Zenith were
included as checks in both field replications. At harvest maturity, the center two rows of each plot
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were harvested, and standard agronomic practices were followed throughout the growing season.
The BBL that were planted in both seasons were used as the training set, while the new lines
evaluated in 2019 were used as the prediction set to simulate the implementation of GP in a
breeding program. The black bean cultivars, Eclipse, Zorro, and Zenith were included as checks
in both years. The local standard agricultural practices were followed throughout the growing
seasons.
Phenotypic data

The number of days to flowering (DF) was measured as the number of days from planting to
when 50% of plants have at least one flower. Days to physiological maturity (DPM) was measured
as the number of days from planting to when the first pod begins to discolor in 50% of the plants.
Seed weight (SW) was obtained from weighing 100 seeds. Yield (kg ha™') (YD) was calculated
based on the plot size and corrected to a moisture content in the seed of 18%. The dry bean samples
were canned and evaluated for appearance, texture and color retention following the protocol
described by Wang et al. (2022). Briefly, seed samples were hand-cleaned to remove off-types and
split seeds, seed moisture was measured, and 115 g of target solid weight was used. The samples
were blanched for 90 seconds at 93.3 °C in tap water with 100 ppm calcium added. After blanching,
beans were transferred into cans that were then filled with brine at 93.3 °C. The brine solution
contained 15g/L sucrose, 12g/L sodium chloride, and 100 ppm calcium. The cans were cooked in
retort (Versatort, Allpax) for 19 minutes at 121.1°C. After two weeks of equilibration at room
temperature, the cans were opened for evaluation. Rating of canned beans was conducted by a
group of trained panelists with a scale of 1-5 for appearance (App) (1: severe split seeds, 5: <10%
of split seeds) and color (Col) (1: lightest, 5: darkest). In addition, a Hunter Labscan XE
colorimeter was used to measure CIE (International Commission on Illumination) L*, a*, and b*
values for each sample. L* measures darkness to lightness from O (black) to 100 (white). a*
measures the level of greenness (negative values) to redness (positive values). b* measures the
level of blueness (negative values) to yellowness (positive values). Furthermore, the texture (Text)
of processed samples was measured as the peak force required to completely compress a 100 g of
washed and drained beans using a texture analyzer with a Kramer Shear press attachment (Texture
Technologies Corp., USA). The rows and columns from the field were used as random effects to

fit a linear mixed model using the function “SpATS” and “SAP” for the R package SpATS
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(Rodriguez-Alvarez et al., 2018). The genotype was fitted as fixed effect to obtain the best linear
unbiased estimators (BLUE) for each trait.
Genotypic data

DNA was extracted from trifoliate leaves using NucleoSpin Plant Il Kit (Macherey—Nagel,
Duren, Germany) following the ‘Genomic DNA from plant’ protocol. DNA concentration was
measured by using Quant-iTTM PicoGreenTM dsDNA Assay Kit (Invitrogen, Waltham, MA,
USA), and 10 ng/IL of DNA was used for GBS library preparation according to Elshire et al.
(2011) with a single restriction enzyme, ApeKI. Each plate of 96-wells was sequenced in a lane of
an Illumina HiSeq platform using single-end reads at RTSF Genomics Core at Michigan State
University.

The libraries were demultiplexed using NGSEP (v3.1.2) (Tello et al., 2019). Adapters and
low-quality bases from the raw sequencing data were trimmed using Cutadapt v 1.16, and the
processed reads were aligned to the reference genome of P. vulgaris v2.1 G19833 (Schmutz et al.,
2014) using Bowtie2 (v2.2.30) (Langmead and Salzberg, 2012) with default parameters. The SNP
calling was carried out by using NGSEP software following recommended parameters for GBS
data (Perea et al., 2016). The merged genotypic matrix was filtered with NGSEP for variants that
were in the predicted repetitive regions of the reference genome P. vulgaris v2.1 by Lobaton et
al. (2018), non-biallelic, genotype quality above 30, a maximum observed heterozygosity of 0.05
per SNP, more than 20% of missing data per site, and minor allele frequency (MAF) above 0.01.
Besides, SNPs in linkage disequilibrium above 0.9 using a window of 500 SNPs were removed
using Bcftools (Li, 2011). The resulting genotype matrix was imputed using Beagle V5.4
(Browning et al., 2018).

Near-infrared spectroscopy (NIRS) and Regularized selection indices (RSI)

Intact dry beans were scanned using a near-infrared reflectance diode array feed analyzer
(Perten, Springfield, IL, USA) in absorbance mode in the range of 1100 to 2200 nm collected at
increments of 2 nm. For scanning, 80 g of dry beans were placed on a Petri dish and the spectrum
of each sample was the average of 50 scans. The spectra was preprocessed by Standard Normal
Variate (SNV) using the R package prospectr (Stevens and Ramirez—Lopez, 2022). The
preprocessed spectral data was used to build the regularized selection indices (RSI) with the
following equation: RSI; = x; B, where x; = (x;1,...x;,), is a vector of wavelengths and

B=(B1, ..., Bp)" is avector of regression coefficients of each wavelength. Using a Ridge-regression-
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type penalized selection indices proposed by (Lopez-Cruz et al., 2020), regulation is achieved by
including the penalty parameter A to avoid overfitting caused for high-dimensional data such as
NIRS through variable selection (i.e., RGS based in a subset of the wavelengths):

B = (Pt A)7'Gyy)

Where P, is the ‘phenotypic’ variance-covariance matrix of the wavelengths, I is an identity
matrix, and G is a vector of the genetic covariances between the target trait (y;) and each
wavelength (x;). After the estimation of 3, the RSl is a sum of the selected wavelengths with
their regression coefficients estimated to maximize the correlation between the target trait
and the RSI. To assess the prediction accuracy of RSI, the training set was divided into training
and validation subsets by randomly assigning 70% and 30% of the individuals, respectively. To
optimize the penalization value A, a 10-fold cross validation was carried out in the training subset,
and RSI was derived over a grid of 100 values of A. The accuracy measured as the Pearson
correlation between RSI and each trait was used to identify the value of A that maximized accuracy
in each cross validation. The optimal value of A was defined as the average value of A across each
cross-validation and was used to predict the validation subset. The training-validation procedure
described above was repeated 100 times by randomly assigning samples from the training set into
training and validation subsets, and was implemented using the R package SFSI (Lopez-Cruz et
al., 2020).

Genome-wide association study (GWAS)

GWAS was conducted using the multi-locus methods Bayesian-information and linkage-
disequilibrium iteratively nested keyway (BLINK) and Fixed and random model Circulating
Probability Unification (FarmCPU) implemented in the R package GAPIT v3 (Wang and Zhang,
2021). GWAS was conducted with all data collected in 2018 and 2019, and a Bonferroni threshold
of a=0.05 was used to identify associations. The QTL associations were defined as consistent
when the same SNP was identified in both years, or when two different SNPs were associated in
the same genomic region between years, and the distance between them was not greater than 2
Mb.

Genomic prediction
Genomic prediction (GP) was assessed using the same 100 partitions described above in the

RSI. Single trait (ST) and multi-trait (MT) models were performed using the Bayesian
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Reproducing Kernel Hilbert Spaces (RKHS) with 10,000 iterations and 1,000 burn-in using the R
package BGLR (Pérez-Rodriguez and de Los Campos, 2022). The MT models were implemented
assuming the marker-based relationship as an unstructured matrix and the residual variance-
covariance between traits as diagonal matrix. In addition to the target trait to predict, MT models
included the RSI, and for seed yield and appearance, seed weight and texture were used,
respectively, due to their positive correlation with the target trait across years. Furthermore, the
effect of consistent QTL identified in GWAS were used as fixed variables in the models. Prediction
ability is expressed as a Pearson correlation coefficient between the observed and predicted values
in the validation subset.
Prediction in the testing population

To simulate the implementation of GP in the dry bean program, the new BBL included in 2019
were used as a prediction set. The prediction accuracy of five models were assessed using the
phenotypic data from the training (272 genotypes) and prediction (143 genotypes) sets from 2019:
1) ST, ii) ST using QTL as fixed variables, iii) MT using the RSI for the target trait, iv) MT using
correlated traits, and v) MT using RSI, correlated traits, and QTL as fixed variables. Additionally,
as the genetic relationship change between breeding cycles, 10% (14), 20% (29), 30% (43), 40%
(57) and 50% (72) of the genotypes in the prediction set were randomly assigning to the training
population to assess the number of genotypes needed to update the GP models. The procedure
described above was repeated 100 times, and was implemented using the R package BGLR (Pérez-
Rodriguez and de Los Campos, 2022)

Results

Phenotypic data

The black bean breeding lines were grown over two years in Michigan with 272 lines grown
in both 2018 and 2019 and an additional set of 143 lines added in 2019. The agronomic traits
including DF, DPM, SW, and YD showed strong year to year variation (Supplementary Figure
3.1). The variation across years was attributed to higher rainfall during the growing season in 2018
compared to 2019. The canning quality traits including appearance, color retention, and L*a*b*
color values were more consistent across years, with the exception of texture which was lower in
2018 compared to 2019 (Supplementary Figure 3.2). A positive correlation was observed
between YD and the other agronomic traits (DF, DPM, SW) in both growing seasons, but in 2018
when the precipitation was higher, the correlations were stronger, especially the correlation
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between YD and DPM which was 0.43 (p < 0.001) and 0.08 (p > 0.05) in 2018 and 2019,
respectively (Supplementary Figure 3.3). Canned bean appearance ratings made by panelists
were positively correlated with texture (2018: r = 0.30, 2019: r=0.20 with p < 0.001) and color
(2018: r =0.38, 2019: r=0.24 with p < 0.001). Furthermore, L* a* and b* color values were highly
correlated with color ratings made by panelists in both years, with r values ranging from -0.73 to
-0.82 within the same year and from -0.58 to -0.66 when comparing across years.
Genotypic data

In total, 2,315 SNP markers were retained after filtering based on missing data, minor allele
frequency, and LD. The genomic relationship matrix showed a different degree of genetic
relationship between families representing the use of common parents in the breeding populations,
and the genomic relationship difference was higher in the training set showing two subgroups
representing the two breeding programs (MSU vs ARS) (Figure 3.1 A). The genetic diversity was
evaluated through principal component analysis (PCA). Generally, there was low structure within
the population with varying degrees of admixture which is expected from a panel of breeding lines

derived from different bi-parental populations and breeding cycles (Figure 3.1 B).
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Figure 3.1 Genetic structure of the black bean breeding panel. A Heatmap of the genomic
relationship matrix. B First two principal components showing the location of each genotype
defined by the eigenvectors. The colors in the PCA and axes of the heatmap represent the
genotypes in the training and prediction sets from the MSU and ARS breeding programs.
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Genome-wide association study (GWAS)

Marker-trait associations were evaluated using the multi-marker approaches FarmCPU and
BLINK. GWAS peaks were selected for those SNPs with a significance greater than that
established by the Bonferroni correction (2.16 x 10-°) and only QTL consistently associated across
years are reported (Supplementary table 3.1). In total, 20 associations were found in both years,
13 for canning quality and 7 for agronomic traits. A robust QTL was found in chromosome 2 at
48.4 Mb related to all three L*, a*, b* color components (Supplementary Figure 3.5), however,
it was not associated with the panelist color ratings. Two regions on chromosome 8 (7.2 Mb) and
11 (53.1 Mb) were associated with color ratings (Figure 3.2). Furthermore, four associations were
found for texture in chromosomes 2 (38.3 Mb), 5 (39.4-39.6 Mb), 7 (9,4 Mb) and 10 (43.2-43.6
Mb) (Figure 3.2). For appearance, four associations were identified in chromosomes 2 (46.7 Mb),
3 (52.6-53.0 Mb), 5 (0.6-1.3 Mb), and 9 (14.0-14.5 Mb) (Figure 3.2). Additionally, seven
associations for agronomic traits were found across years (Supplementary table 3.1,

Supplementary Figure 3.6).
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Figure 3.2 Genome-wide association analysis of seed yield, color (Col), appearance (App), and
texture (Text). The red lines indicate the Bonferroni threshold ( @ = 0.05), and the vertical yellow
dotted lines indicate common QTL for 2018 and 2019.

Regularized selection indices and Genomic prediction - training population
In total, 100 partitions were used to assess the prediction accuracy for the regularized selection
indices (RSI) of the NIRS data and Genomic Prediction (GP) models in the training set composed
of 272 BBL. The prediction accuracies of RSI, single, and multi-trait GP models are presented in
Figure 3.3 and Supplementary Figure 3.7. RSI exhibited the lowest prediction accuracies for all
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traits, while genomic prediction models showed variable prediction accuracies ranging from 0.32
for DPM in 2019 (when QTL were used as fixed variables) to 0.92 for texture in 2019. Overall,
genomic prediction accuracies were consistent across years, except for texture which in 2018 had
an accuracy for single and multi-trait models of 0.57, while in 2019 the accuracy increased up to
0.92. The accuracy for texture was related to the higher heritability observed in 2019 (h%:0.94)
compared to 2018 (h?:0.80) Supplementary Table 3.2. Prediction accuracies were similar
between ST and MT models, although there was a small improvement in YD and App when the
correlated traits SW and texture, respectively were used in the model. Moreover, the positive effect
of QTL was not consistent across traits, except for color. ST model using fixed QTL improved
prediction accuracies for color in 2018 (0.03) and 2019 (0.0.2) compared to ST models without

QTL information.
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Figure 3.3 Prediction accuracy of seed yield and canning quality traits in the BBL using RSI,
single-trait (ST) and multi-trait (MT) models. The distribution of boxplots represents 100 partitions
in the training set.

Regularized selection indices and Genomic prediction - testing population
To simulate the implementation of GP in the breeding program, 143 genotypes belonging to a
preliminary yield trial grown in 2019 were used as a testing set. The prediction accuracy of ST and

MT models adding different proportions (from 0 to 50%) of the testing set to train the models are
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presented in Figure 3.4-5 and Supplementary Figure 3.8-9. Overall, the lowest prediction
accuracies were observed when no data points from the testing set were included to train the model,
and the accuracy tended to increase with the addition of data points belonging to the same breeding
cycle. When 30% of genotypes were added from the testing set in ST the prediction accuracy
increased by 61% (0.22 vs 0.36) in YD and by 12% in App (0.31 vs 0.37). Furthermore, MT
boosted the prediction ability in YD and App using SW and texture in the multivariate model (MT-
Cor) Supplementary Table 3.3. Adding 30% of individuals from the testing set and correlated
traits into the model increased 82% (0.22 vs 0.40), and 52% (0.31 vs 0.47) the prediction accuracy
of YD and App, respectively. However, the highest prediction accuracy for App was achieved with
MT-Cor without adding new genotypes (0.50). For YD and App, the MT-Cor model yielded the

best prediction accuracy without regard to the percentage of the testing population used to train
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Figure 3.4 Prediction accuracy of appearance (App) and Yield (YD) in the 2019 testing set
comprised 143 black breeding lines. Different proportions of the testing set were included in the
models (0%, 10% =14, 20% = 29, 30%=43, 40%= 57, 50%=72). The distribution of boxplots
represents 100 partitions.

In general, the use of QTL as fixed effects did not show a strong effect on prediction accuracies
in most of the traits. However, the use of QTL increased the predictions of Col and SW (Figure

3.5, Supplementary Figure 3.8), while reducing the prediction ability for b* (Supplementary
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Figure 9). The use of RSI in multi-trait models (MT-RSI) only increased the prediction accuracy

of texture, and the prediction was boosted when MT-RSI used QTL as fixed effects (Figure 3.5).

Col Col Col Col Col Col
0 10 20
0.9 ]
4t = = = T e == ==
T b - T
. . .

0.7

06

0.5

0.4 Model
) =
é Text Text Text Text Text Text E MT-RSI
2 0 10 20 30 40 50 ‘ ST-QTL

0.8 E3 MT-RQ

0.8

0.7

06

0.4 .

L]
A, \ N N N
“ ,\ &L V«' Qﬁ% \J«' QES &V éﬂ V/\-
R4 \5 @ @ & \3‘ & & é\ PRSI \3 & —é AR

Models

Figure 3.5 Prediction accuracy of color (Col) and texture (Text) in the 2019 testing set comprised
of 143 black breeding lines. Different proportions of the testing set were included in the models
(0%, 10% =14, 20% = 29, 30%=43, 40%= 57, 50%=72). The distribution of boxplots represents
100 partitions.

Discussion

In the current study, the genetic architecture of agronomic and canning quality traits was
dissected and used in genomic prediction models to assess their potential use in dry bean breeding.
In general, prediction accuracies were high in genotypes from the same breeding cycle (training-
validation partitions). This is expected due that RILs from the same breeding cycle tend to have
more parents in common. In overall, traits with high h? also had higher prediction accuracies (e.g.,
texture, color and seed weight), while traits with lower heritability, including seed yield and
canning appearance presented lower prediction accuracies. Days to flowering and days to maturity
are oligogenic traits with low genetic complexity. However, the measurement of these traits is
subject to error based on measurement timing. This can increase the noise of data, reducing the
phenotypic variance explained by genetics (h2) and at the end, reducing the prediction ability of
genomic tools. This can be observed in days to maturity, where the h? changed from 0.83 in 2018
to 0.26 in 2019. Seed yield, DF and DM were the traits with lower h? compared with the other

traits and showed moderate prediction abilities in the training-validation partitions. Although
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appearance and color are measured by trained panelists with a visual scale, and they are subjective
as are DF and DM, the conditions in the lab are more uniform than in the field and the score per
sample is an average of the readings of each trained panelist (8-12 people), which helps to reduce
the subjectivity of these ratings. The h? of both traits (appearance and color) was high in the two
growing seasons and prediction abilities for color rating were similar to L* a* and b* using ST
models. In the training-validation partitions the average of prediction accuracies for the traits
ranged from 0.44 in days to flowering to 0.92 in texture using the ST models, which could be
considered as moderate to high prediction accuracy. This study confirms the promising results for
genomic prediction found by Keller et al. (2020) in an Andean elite bean breeding for traits with
complex genetic architecture. Using twelve field trials, Keller et al. (2020) reported a prediction
accuracies up to 0.6 for yield, and a similar prediction accuracy was observed in this study for
yield using the ST model in 2018 (0.58) and 2019 (0.66).
Updating training population

The genetic relationship between training and the testing sets is of paramount importance for
increasing the accuracy of genomic prediction (Bernardo, 2020). It is well-reported, that updating
and increasing the training population tends to improve prediction accuracy (Spindel et al., 2016;
Lopez-Cruz et al., 2021). In the current study, 143 genotypes belonging to a preliminary yield trial
in 2019 were used as the testing set and the training set was updated with 10 to 50% of the new
genotypes to train the models. Prediction accuracies consistently increase with the percentage of
new genotypes included to train the ST model for most of the traits, increasing up to 2.6-fold
prediction accuracies for days to maturity and 72% of the predictions for seed yield when 50% of
the testing set was included in the model. Most of the prediction gain was reached when 30% of
the testing set was used in the model, which confirms the well-established evidence that updating
the training set increase the genetic relationship between the training and testing set, which
produces better predictions. However, the improvement was different across traits, which suggests
that improvement in prediction is also linked to the genetic architecture of each trait. The a* was
the trait with the lowest improvement of prediction when the ST used genotypes form the testing
set (0.004%). However, the prediction accuracy without adding new genotypes in the training
population was 0.74 for this trait, which suggest that, although absence of strong genetic

relationship between training and testing sets, this is an easy trait to predict using ST models.
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Multi trait models

Genomic selection models exploit the genetic relationship between genotypes to predict the
genetic values, the higher the genetic relationship between the training and testing sets, the better
the prediction ability. In addition to the genetic relationship among genotypes, the MT models use
the information of phenotypic correlated traits, and similar to the relationship between genotypes,
the larger the correlation between traits in the model, the better the prediction ability of MT models
(Montesinos-Lopez et al., 2022). In this study, the use of MT models resulted in a similar
prediction ability as the ST models when applied within the training set comprised of 272 black
genotypes from the same breeding cycle. Lines from the same breeding cycle tend to share more
parents and have a higher genetic relationship compared with other breeding cycles. However, MT
increased the prediction ability to estimate the genetic value in the testing population from a
different breeding cycle. Using correlated phenotypes as secondary traits in a multivariate model
increased the prediction ability of appearance and seed yield. As reported in previous studies the
extent of improvement of predictions depends on the correlation between traits and the heritability
of the secondary trait (Arojju et al., 2020).

The secondary traits (seed weight and texture) showed a high h? with a moderate correlation
with target traits, and in both cases, they increased prediction accuracy in the training and testing
sets. Seed weight is an important yield component, and although dry bean breeders are locked in
to a standard seed size for each market class, seed weight is a fast and easy phenotype to collect,
has high heritability, and tends to have a positive correlation with seed yield. For canning traits,
texture increased more than 60% the prediction ability for appearance in the testing population.
The prediction ability of ST model for appearance did not increase significantly when genotypes
from the new breeding cycle were included in the training set, and surprisingly, the highest
prediction ability in the testing set for appearance was achieved when the texture was used as a
secondary trait without adding new genotypes to train the model. These results show the
importance of texture as a secondary trait to predict appearance, however, texture is a laborious
trait that was taken in canned beans.

Non-destructive high-throughput phenotyping methodologies such as NIRS have been
reported to be used successfully in plant breeding (Jiang, 2020; Masilamani et al., 2020) . However,
some studies have reported moderate to low prediction accuracy for appearance and texture in
canned dry beans using NIRs (Mendoza et al., 2014), and also it is reported that the prediction of
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seed components has a lower accuracy in intact seed compared to ground seed in beans (Plans et
al., 2012). In the current study, the use of NIRS to estimate a regularized selection indices using
intact seeds has a low correlation with target traits and did not improve prediction accuracies when
included as a secondary trait in MT models in the training-validation partitions. However, the use
of RSI in multi-trait models (MT-RSI) increased the prediction accuracy of texture in the testing
set, and the prediction ability was boosted when MT-RSI used QTL as fixed effects. Using several
spectral preprocessing methods, Mendoza et al. (2018) reported a significant improvement of
predictions of texture using NIRS. In the current study, the standard normal variate (SNV) was
used to perform a normalization of the spectral data, and due to the low correlation between indices
and traits, other spectral preprocessing methods such as derivatives and multi-resolution wavelet
could be more beneficial to increase the accuracy of selection indices using NIRS. Although a
tuning process is needed to preprocess and build selection indices using high dimensional data
such as NIRS, the use of high-throughput phenotyping has potential to generate secondary traits
to increase the prediction ability of canning quality traits using MT models.
GWAS-Assisted genomic prediction

The use of markers linked to QTL as fixed effects improve the estimation of their effects, while
the remaining markers are adjusted for the contribution of fixed QTL (Bernardo, 2014; Bernardo,
2020). In the current analysis, several genomic regions were associated with target traits in both
years and a small number of consistent QTL across growing seasons were found (Supplementary
Table 3.1). Two association for texture in chromosome 7 (9,4 Mb) and 10 (43.2-43.6 Mb) were
reported in previous studies (Cichy et al., 2014; Bassett et al., 2021). The association found on
chromosome 7 overlaps with the Asp gene that has been related to water uptake (Cichy et al.,
2014). Four associations were identified for appearance, and one in chromosome 5 (0.6-1.3 Mb)
was proximal to a QTL reported by Wright & Kelly (2011). For color, two QTL were identified in
chromosome 8 (7.2 Mb) and chromosome 11 (53.1 Mb), these associations were proximal to QTL
for L* and b* reported in a QTL analysis in black beans (Bornowski et al., 2020). L* measures
darkness to lightness, while b* measures the level of blueness to yellowness, and the correlation
of L* and b* with color was < -0.78, which shows the relationship between these traits. From the
seven associations identified for agronomic traits, six were identified in the meta-analysis of QTL
and GWAS of seed yield components reported by Izquierdo et al., (under review). The consistent
association for yield in chromosome 4 (1.6 — 1.8 Mb) overlapped with MQTL-YCA4.1 (lzquierdo
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et al., under review). MQTL-YC4.1 was supported by QTL related to seed yield, seed weight,
seeds per pod, and pod harvest index, which highlights the importance of this region in dry bean
breeding. The three QTL related with SW co-localized with MQTL3.3 (supported by SW and
number of pods per plant), MQTLA4.5 (supported by yield and number of seeds per plant), and
MQTL6.2 (supported by SW, pod harvest index, and yield) reported by lzquierdo et al. (under
review).

The use of market-assisted selection using QTL information for quantitative traits could be
challenging due to the high number of markers needed, their small effect, and their interaction with
the environment. An alternative use of QTL is to use them as fixed effects in genomic prediction
models. We identified that in most cases the use of consistent QTL in genomic prediction models
does not reduce prediction abilities and in cases such as color and seed weight the prediction
increases as was observed in the training-validation partitions and in the testing set. However,
fixed QTL reduces prediction ability in DM and b*. In DM this reduction could be explained by
the low h2 in 2019, as reported by Bernardo (2014), QTL can increase prediction ability only when
h? range from moderate to high. Besides, the reduction of prediction ability using QTL for b* could
be the result of using a false association. Although L* a* and b* all showed consistent associations
at the end of chromosome 2 (48.4 Mb) in 2018, this association was present in a different position
in 2019 (Supplementary Table 3.1). In 2018 using the training set, the SNP peak associated with
b* located at 48.4 Mb increased prediction ability, while in 2019 the SNP peak at 47.6 Mb reduced
prediction ability in the training and prediction set, which suggests that the association identified
in 2019 is near but is not the QTL related to b*. In sum, the use of QTL as fixed effects increased
the prediction accuracy of texture, color, seed weight, and a*, while reducing the prediction
accuracy of DM and b*. In the other traits the prediction ability was not affected with the inclusion
of fixed markers.

Conclusions

Using an affordable genotyping methodology such as GBS, we were able to get moderate
(0.44) to high predictions (0.92) for agronomic and canning quality traits in a black bean breeding
panel from the same breeding cycle, when the genetic relationship tends to be high due to the use
of common parents. When individuals from another breeding cycle were used as prediction set,
the accuracy of genomic prediction dropped, and factors such as the inclusion of phenotypic
correlated traits in multi-trait models, QTL as fixed effects, and updating the training set with
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individuals from the new cycle are useful to improve the estimation of the breeding values, yielding
in higher prediction accuracies. Canning quality traits are laborious and costly traits that are
measured in advanced generations. We observed that with enough genetic relationship between
training and testing populations such as the observed in the training set from this study, the
prediction accuracies for canning quality traits are higher than 0.57, which could be high enough
to implement genomic prediction in early generations to increase selection intensity, leading to

higher genetic gain for these traits.
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APPENDIX

Table S3.1 QTL identified by genome-wide association analysis over 2018 and 2019 using BLINK
and/or FarmCPU models.

Trait SNP Chr  Position P value year Model 3SNP Effect
a*  S02_48372028 2 48372028 1.72E-16 2018 FarmCPU 31
S02_48372028 2 48372028 2.86E-13 2019 FarmCPU-Blink 1.0
App S02_46696702 2 46696702 9.61E-13 2018 Blink 0.5
S02_46696702 2 46696702 1.55E-08 2019 Blink 0.4
S03_52557077 3 52557077 2.49E-10 2018 Blink 0.4
S03_52994372 3 52994372 1.88E-14 2019 Blink -0.3
S05_1300069 5 1300069 8.03E-06 2018 FarmCPU -0.1
S05_573193 5 573193 7.86E-06 2019 Blink 0.0
S09 14033859 9 14033859 1.71E-08 2018 Blink 0.5
S09 14534494 9 14534494 3.57E-07 2019 FarmCPU -0.2
b*  S02_48372028 2 48372028 1.52E-15 2018 Blink 6.2
S02_47632439 2 47632439 4.81E-06 2019 Blink 2.5
Col  S08_7162048 8 7162048 3.09E-09 2018 Blink -0.3
S08_ 7162048 8 7162048 5.07E-09 2019 Blink -0.6
S11_53107257 11 53107257 2E-18 2018 Blink 0.6
S11.53107257 11 53107257 4.46E-19 2019 Blink 1.0
DF  S04_44964231 4 44964231 9.23E-07 2018 Blink -0.9
S04_43411364 4 43411364 1.29E-06 2019 Blink -1.1
S05_30486494 5 30486494 7.24E-08 2018 FarmCPU 6.6
S05_31057655 5 31057655 0.0000109 2019 FarmCPU 4.6
DPM S01_14016092 1 14016092 8.08E-07 2018 Blink 0.4
S01_14016092 1 14016092 4.08E-07 2019 FarmCPU -0.6
L*  S02_48372028 2 48372028 1.41E-06 2018 FarmCPU 5.5
S02_49587954 2 49587954 3.11E-06 2019 Blink -0.7
SW S03_12162718 3 12162718 2.81E-06 2018 FarmCPU -1.1
S03_12162718 3 12162718 4.49E-19 2019 FarmCPU -1.8
S04_44964407 4 44964407 0.0000143 2018 Blink 0.7
S04_45177713 4 45177713 0.0000132 2019 Blink 1.1
S06_19125800 6 19125800 8.33E-09 2018 Blink 1.6
S06_19002691 6 19002691 3.76E-06 2019 FarmCPU -0.5
Text S02_38297750 2 38297750 2.05E-14 2018 Blink -9.5
S02_38297750 2 38297750 1.12E-12 2019 Blink -1.9
S05_39412197 5 39412197 0.0000338 2018 FarmCPU 5.1
S05_39645120 5 39645120 6.45E-07 2019 FarmCPU 0.2
S07_9377855 7 9377855 0.0000276 2018 FarmCPU -1.1
S07_9377855 7 9377855 3.6E-08 2019 FarmCPU -6.0
S10_43229247 10 43229247 0.0000382 2018 FarmCPU -2.5
S10 43647153 10 43647153 1.75E-06 2019 FarmCPU-Blink 7.6
YD S04_1577686 4 1577686 1.49E-08 2018 FarmCPU 69
S04_1835757 4 1835757 4.14E-06 2019 Blink 101

a8SNP effect is the phenotypic difference between homozygous genotypes.
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Table S3.2 Prediction accuracy of agronomic and canning quality traits in the BBL using
regularized selection indices (RSI), single-trait (ST) and multi-trait (MT) models in the training
population planted in 2018 and 2019.

Trait Year h? RIS ST MT-RSI MT-Cort ST-QTL

YD 2018 069 0.16 058  0.58 0.61 0.59
YD 2019 058 0.06 0.66 0.66 0.66 0.60
SW 2018 087 0.09 075 0.76 - 0.77
SW 2019 088 0.02 083 0.83 - 0.78
DF 2018 0.74 0.19 044 046 - 0.45
DF 2019 0.69 0.00 061 0.62 - 0.57
DPM 2018 083 0.21 056  0.57 - 0.55
DPM 2019 0.26 0.00 061 0.62 - 0.32
App 2018 0.83 0.05 0.63 0.63 0.67 0.67
App 2019 0.72 0.06 0.66  0.66 0.69 0.60
Text 2018 0.80 0.12 057 057 - 0.63
Text 2019 094 019 092 091 - 0.89
Col 2018 0.88 0.08 0.75 0.75 - 0.78
Col 2019 0.94 -0.01 084 0.84 - 0.87
L* 2018 0.82 031 080 0.80 - 0.79
L* 2019 082 -0.01 081 081 - 0.79
a* 2018 087 0.15 0.75 0.74 - 0.80
a* 2019 086 0.00 081 081 - 0.80
b* 2018 090 0.09 0.81 0.80 - 0.85
b* 2019 095 0.06 087 0.87 - 0.85

Prediction accuracy is expressed as average correlation between observed and predicted genetic value across all 100
partitions in the training data set.
$The MT-Cor model used seed weight and texture as secondary traits to predict seed yield and appearance,

respectively.
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Table S3.3 Prediction accuracy of agronomic and canning quality traits in the BBL using single-trait (ST) and multi-trait (MT) models
in the testing population planted 2019. Data from 2019 in the training population alone and in combination with several proportion of

testing set were used to train the models.

Trn +0% Tst Trn +10% Tst Trn +20% Tst Trn + 30% Tst Trn + 40% Tst Trn +50% Tst
+

Trait 2 z § 2 8 z2 3 g 8 z2 8 g & z2 § g2 & z2 § 2 § z 3 2 8
FE & 9 9 8k £ 7 9 & K £ P 9 F K I 7 9 F B g 2 9 FE L 7 9 F
S 5 & g = = bk S S = B 5 = s b S = s kL S -
IYD 0.58 |10.22 0.25 0.30 0.19 0.27(0.27 0.26 0.33 0.26 0.30|0.32 0.31 0.38 0.31 0.35|0.36 0.34 0.40 0.34 037|037 035 042 035 0.39|0.38 036 042 0.37 039
SwW 0.88 |0.40 045 - 056 057|044 044 - 057 058|047 047 - 060 060|048 049 - 061 061|049 049 - 063 063|051 052 - 0.64 064
DF 0.69 032 020 - 0.19 0.18|0.37 034 - 0.30 0.26|0.43 042 - 039 038|045 044 - 044 042|049 050 - 049 048|052 051 - 0.52 051
DPM 0.26 (003 009 - 0.08 0.07|0.05 007 - 0.06 009|007 008 - 0.09 010|009 009 - 010 010020 010 - 0.11 011|011 011 - 0.13 0.12
lApp 0.72 (0.31 0.38 0.50 0.35 0.46|0.35 0.33 0.48 0.36 0.42|0.35 0.34 047 0.37 043|035 0.34 047 038 0.45|0.34 0.33 046 0.37 044]033 032 045 0.37 045
Text 094042 039 - 0.39 038|047 049 - 048 049|050 053 - 052 054|051 054 - 054 056|054 057 - 057 059|054 057 - 0.56 0.59
Col 0094078 077 - 0.86 085|081 080 - 0.86 0.86(0.81 081 - 087 086|083 083 - 087 087|084 084 - 0.88 0.88|0.84 084 - 0.88 0.88
L* 0.82 1061 063 - 063 063|064 064 - 064 065|065 065 - 065 065|068 068 - 068 068|069 069 - 069 069|070 070 - 0.70 0.70
a* 0.86 |0.74 073 - 075 073|073 073 - 0.74 073|073 073 - 074 074|074 074 - 075 0.75|0.74 074 - 075 0.75|0.74 074 - 0.75 0.75
b* 095]0.71 070 - 063 060|0.73 073 - 0.65 065|074 0.74 - 0.68 068|077 077 - 071 0.71|0.78 078 - 0.74 0.73]0.79 078 - 0.75 0.75

$The MT-Cor model used seed weight and texture as secondary traits to predict seed yield and appearance, respectively.

H#The MT-RCQ model used QTL as fixed variables and secondary traits in the model (RSI and correlated traits (for appearance and seed yield))
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Figure S3.1 Bean plots of yield (YD), days to physiological maturity (DPM), days to flowering
(DF), and seed weight (SW) of the BBL. The trials were carried out in 2018 and 2019 in MI. Best
linear unbiased estimator (BLUE) were obtained for each trait and trial, adjusting for spatial effects
in the field.
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Figure S3.2 Bean plots of appearance (App), texture (Text), color (Col), and CIELAB color space
(L*, a*, b*) of the BBL. The trials were carried out in 2018 and 2019 in MI. Best linear unbiased

estimator (BLUE) were obtained for each trait and trial, adjusting for spatial effects in the field.
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Figure S3.3 Pearson’s correlation coefficients between best linear unbiased prediction (BLUP).
Significance of correlations indicated as ***: p < .001; **: p < .01; *: p < .05. Yield (YD), seed

weight (SW), Days to physiological maturity (DPM), and Days to flowering (DF).
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Figure S3.4 Pearson’s correlation coefficients between best linear unbiased prediction (BLUP).
Significance of correlations indicated as ***: p < .001; **: p <.01; *: p <.05. Seed weight (SW),
appearance (App), texture (Text), color (Col), and CIELAB color space (L*, a*, b*).
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Figure S3.7 Prediction accuracy of CIELAB color space (a*,b*,L*), seed weight (SW), days to
flowering (DF), and days to maturity (DPM) in the BBL using RSI, single trait (ST) and multi-

trait (MT) models. The distribution of boxplots represents 100 partitions in the training set.
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Figure S3.8 Prediction accuracy of seed weight (SW), days to physiological maturity (DPM), and
days to flowering (DF) in the 2019 testing set comprised of 140 black breeding lines. A) different
proportions of the testing set were included in the models (0%, 10% =14, 20% = 28, 30%=42,
40%-= 56, 50%=70). The distribution of boxplots represents 100-fold cross-validations.
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Figure S3.9 Prediction accuracy of CIELAB color space (a*, b*, L*) in the 2019 testing set
comprised of 140 black breeding lines. A) different proportions of the testing set were included in
the models (0%, 10% =14, 20% = 28, 30%=42, 40%= 56, 50%=70). The distribution of boxplots

represents 100-fold cross-validations.
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CHAPTER 4: GENOME-WIDE ASSOCIATION AND GENOMIC PREDICTION FOR
FE-ZN CONCENTRATION AND FE BIOAVAILABILITY IN A YELLOW BEAN
COLLECTION OF DRY BEANS
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Abstract

Dry bean is a nutrient-dense food targeted in biofortification programs to increase seed iron
and zinc levels. An assumption of breeding for increased mineral content is that more iron and
zinc will be available to humans consuming the biofortified food. However, mineral bioavailability
is influenced not just by the mineral content but by other seed compounds the minerals interact
with, such as polyphenols and phytate. This study characterized a diversity panel of 295 genotypes
comprising the Yellow Bean Collection (YBC) for seed Fe and Zn concentration, Fe
bioavailability (FeBio), and seed yield over two years and two field locations. The genetic
architecture of each trait was elucidated via genome-wide association (GWA) and genomic
prediction (GP) was evaluated using the reproducing kernel hilbert space (RKHS) and the sparse
selection index (SSI) method. Additionally, 82 yellow breeding lines were characterized for seed
Fe and Zn concentration and seed yield and were used as prediction set in GP models. Large
phenotypic variability was identified in all traits evaluated, and variations of up to 2.8 and 13.7-
fold were observed for Fe concentration and FeBio, respectively. Prediction accuracies in the YBC
ranged from a low of 0.1 for Fe concentration and a high of 0.8 for FeBio, and an accuracy
improvement of 0.1 was observed when QTL identified through GWA were used as fixed effects
for FeBio. In the prediction set, SSI led to 1%-6% increases in accuracy, relative to the RKHS.
This study provides evidence of the lack of correlation between FeBio estimated in vitro and Fe
concentration, and reveals the high accuracy of GP for FeBio, which can reduce the high cost of
measuring this trait.

Introduction

Dry bean is the most important legume for human consumption worldwide (FAO 2022),
providing high levels of protein, dietary fiber and micronutrients such as Fe and Zn (Uebersax et
al., 2022). Biofortification initiatives since 2005 have focused on increasing dry bean Fe and Zn
concentrations through breeding, as a means to improve the nutritional status of humans suffering
from Fe and Zn deficiencies (Beebe, 2020). Dry beans are also an appealing crop choice for
biofortification because of their low environmental footprint, ability for symbiotic nitrogen
fixation, and long shelf life that minimizes food waste (Willett et al., 2019).

As bean breeders have worked for the last two decades to biofortify beans by increasing
minerals concentrations, there has also been major efforts to understand the genetic architecture of

seed Fe and Zn accumulation (Blair et al., 2011, 2013; Blair & lzquierdo, 2012; K. Cichy et al.,
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2022; K. A. Cichy et al., 2009). A meta-QTL (MQTL) analysis identified 12 stable MQTLs over
different genetic backgrounds and environments (lzquierdo et al., 2018). In addition to breeding
for increased seed micronutrient concentrations, the importance of breeding for improved Fe
bioavailability has also been identified in multiple studies indicating Fe concentration and Fe
bioavailability are not necessarily positively correlated with each other (Glahn et al., 2020;
Katuuramu et al., 2018, 2021). Increased Fe levels are often associated with increased amounts
of polyphenols and phytate in the seed and both compounds form complexes with Fe that can pass
through the human gut undigested, thereby negating the potential benefit of the higher Fe
concentration (Tako et al., 2015). The polyphenol profile varies among seed coat colors (Tako et
al., 2014), and darker seed coats tend to have a more diverse array of polyphenols that reduce the
Fe absorption (Wiesinger et al., 2019). Cooking time is also correlated with Fe bioavailability,
which may relate to the tendency for fast-cooking genotypes to have lighter colored seed coats,
thereby also having less Fe inhibitory polyphenols (Wieisnger et al., 2018).

Seed Fe and Zn concentrations are quantitative traits controlled for many loci across the
genome in dry beans (lzquierdo et al., 2018), and are strongly influenced by the environment
(Katuuramu et al., 2021). Although Fe bioavailability is also a quantitative trait, a study reported
across nine locations in Uganda found it to be stable across environments (Katuuramu et al., 2021).
Fe bioavailability is measured via an in vitro Caco-2 cell culture assay, and while it is faster than
animal studies, itis a trait that is out of reach of most breeding programs (Glahn et al., 1998). One
study in common bean has dissected the genetic architecture of Fe bioavailability through genome-
wide association (GWA), identifying five SNP associations distributed on chromosomes 6, 7, and
11 with phenotypic variability explained by the associated markers ranging from 8% to 13%
(Katuuramu et al., 2018).

Genomic prediction uses the genotype and phenotype of training datasets to estimate the
phenotypes of new lines (testing dataset), reducing the phenotyping and increasing selection
intensity (Bernardo, 2020). In genomic selection, the phenotypes are predicted from all genetic
markers together (Meuwissen et al., 2001), and the accuracy represented as the Pearson correlation
of observed vs predicted phenotypes, depends on the heritability of the trait, linkage disequilibrium
(LD) with causal loci, population size and the genetic relationship between the training and testing
datasets (Voss-Fels et al., 2019). The composition of the training dataset and its relationship with

the new lines to be predicted are essential to maximize prediction accuracy (de los Campos et al.,
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2013; Isidro y Sanchez & Akdemir, 2021). Although several approaches have been proposed to
optimize the training population, most of them have the assumption that one training is optimal for
all individuals in the testing dataset (Lopez-Cruz et al., 2022). Taking into consideration that a
high level of genetic heterogeneity is plausible in breeding programs, the use of only one optimal
population may include individuals distantly related to the individuals in the testing dataset,
reducing predictive ability (Lorenz & Smith, 2015). Recently, a sparce selection index (SSI) was
proposed to identify a training set for each individual in the testing set (Lopez-Cruz & De Los
Campos, 2021), and the use of this approach has increased prediction ability in multigeneration
data up to 10% and 17% in wheat maize, respectively, compared to genomic best linear unbiased
predictor (GBLUP) (Lopez-Cruz et al., 2021, 2022).

Genetic variability for Fe and Zn concentration and Fe bioavailability is abundant, both among
and within market class (Katuuramu et al., 2021). However, lighter seed types such as pale yellow
beans have been found to be high in bioavailable Fe (Wiesinger et al., 2018). Furthermore, pale
yellow beans are associated with fast-cooking times and palatability (Birachi et al., 2020; K. A.
Cichy et al., 2015). The objectives of this research were to i) evaluate the Fe and Zn concentration
and Fe bioavailability of a previously developed Yellow Bean Collection (YBC) (Sadohara et al.,
2022) ii) identify genomic regions that are associated with Fe and Zn concentrations and
bioavailability via GWA, and iii) estimate the prediction ability of genomic prediction for these
traits.

Materials and methods
Plant material

The yellow bean collection (YBC) comprised of 295 Phaseolus vulgaris L. accessions was
grown at the Michigan State University Montcalm Research Farm in Entrican, MlI, in 2018 and
2019, and at University of Nebraska field sites in Scottsbluff and Mitchell, Nebraska, in 2018 and
2019, respectively. In all years and locations the YBC was grown in a randomized complete block
design with two replications as described by Sadohara et al. (2022). Additionally, 82 F5 yellow
bean breeding lines were planted at at the Montcalm Research Farm in 2019. These 82 breeding
lines were generated using seven YBC accessions as parents in various biparental crosses. The
YBC planted in both years were used as the training set, while the 82 lines evaluated in 2019 were
used as the prediction set to simulate the implementation of GP using a pre-breeding population.

The local standard agricultural practices were followed for research plot scale dry bean production
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(Sadohara et al., 2022). Following harvest, seed weight (SW) and seed yield (YD) were collected.
SW (g) was obtained from weighing 100 seeds and YD (kg ha™!) was calculated based on the plot
size and corrected to the moisture content in the seed of 18%.

Mineral concentration (Michigan and Nebraska)

The protocol described by Glahn et al. (2020) was used to measure Fe and Zn from raw seeds
in the YBC grown in MI and NE in 2018 and 2019 and the breeding lines grown in Ml in 2019.
Briefly, seeds were rinsed and cleaned with distilled water to remove dust and debris. The cleaned
seeds were lyophilized and milled, and 0.50 g of the powder was predigested in boro-silicate glass
tubes with concentrated ultrapure nitric acid and perchloric acid mixture (60:40 v/v) for 16 h at
room temperature. Samples were then placed in a digestion block and heated incrementally over 4
h to a temperature of 120°C with refluxing. After incubating at 120°C, ultrapure nitric acid was
subsequently added to each sample before raising the digestion block temperature to 145°C.
Digested samples were resuspended and then raised to 190°C and maintained in ultrapure water
before analysis using ICP-AES (inductively coupled plasma atomic emission spectrometry;
Thermo iICAP 6500 Series, Thermo Scientific) with quality control standards following every 10
samples.

Fe bioavailability (Michigan only)

The YBC grown in Ml in 2018 and 2019 was cooked using an automated Mattson cooker as
reported previously (Sadohara et al., 2022). The cooked samples were lyophilized and milled and
0.50-g of powder was subjected to an in vitro digestion/Caco-2 cell culture model for the
determination of Fe bioavailability, as described previously by Glahn et al. (1998). Fe uptake is
measured as the increase in Caco-2 cell ferritin production (ng ferritin per milligram of total cell
protein) following simulated gastric and intestinal digestion. Fe bioavailability is expressed as a
percentage score of Caco-2 cell ferritin formation that is relative to a control
cooked/lyophilized/milled white kidney bean (Snowdon). The kidney bean control was run with
each assay to index the ferritin/total cell protein ratios of the Caco-2 cells over the course of
experimentation. The Snowdon kidney bean was used as a control since this cultivar was reported
with high Fe bioavailability and low polyphenol concentration that inhibit the absorption of iron
(Wiesinger et al., 2019). The mean ferritin formation values of Snowdon across assays were 19.71
and 15.78 ng ferritin/mg total cell protein in 2018 and 2019, respectively. Fe bioavailability was

not measured in the 82 breeding lines.
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Statistical analyses

The rows and columns from the field were used as random effects to fit a linear mixed model
for SW and YD using the functions “SpATS” and “SAP” for the R package SpATS (Rodriguez-
Alvarez et al., 2018). The effect of the genotype on the phenotype was fitted as fixed to obtain the
best linear unbiased estimator (BLUE) of SW and YD. The mineral concentrations were collected
in one field replication in Michigan and Nebraska during two growing seasons (2018-2019), while
Fe bioavailability was collected in one field replication only in Michigan during two growing
seasons (2018-2019). The mean of two technical replications were used as the mineral
concentration and Fe bioavailability for each environment and year. The analysis of variance
(ANOVA) was conducted using the R package statgenGxE using a factorial structure of locations
per year (Van, 2022). The mixed model used year, location and location:year terms as fixed, while
the effect of genotype, genotype:year, and genotype:location was treated as random.
Genotypic data

DNA was extracted from trifoliate leaves using NucleoSpin Plant Il Kit (Macherey—Nagel,
Duren, Germany) following the ‘Genomic DNA from plant’s protocol as described previously by
Sadohara et al. (2022). DNA concentration was measured using Quant-iTTM PicoGreenTM
dsDNA Assay Kit (Invitrogen, Waltham, MA, USA), and 10 ng/IL of DNA was used for GBS
library preparation according to Elshire et al. (2011) with a single restriction enzyme, ApeKI.
Each plate of 96-wells was sequenced in a lane of an Illumina HiSeq platform using single-end
reads. The libraries were demultiplexed using NGSEP (v3.1.2) (Tello et al., 2019). Adapters and
low-quality bases from the raw sequencing data were trimmed using Cutadapt v 1.16, and the
processed reads were aligned to the reference genome of P. vulgaris v2.1 G19833 (Schmutz et al.,
2014) using Bowtie2 (v2.2.30) (Langmead & Salzberg, 2012) with default parameters. The SNP
calling was carried out by using NGSEP software following the recommended parameters for GBS
data (Perea et al., 2016). The merged genotypic matrix was filtered with NGSEP for variants that
were in the predicted repetitive regions of the common bean genome reported by Lobaton et al.
(2018), non-biallelic, genotype quality above 30, a maximum observed heterozygosity of 0.05 per
SNP, more than 50% of missing data per site, and minor allele frequency (MAF) above 0.05.
Besides, SNPs in linkage disequilibrium above 0.9 using a window of 500 SNPs were removed
using Bcftools (Li, 2011). The resulting genotype matrix was imputed using Beagle V5.4
(Browning et al., 2018).
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Genome-wide association study (GWAS)

GWAS was conducted using the multi-locus methods Bayesian-information and linkage-
disequilibrium iteratively nested keyway (BLINK) and Fixed and random model Circulating
Probability Unification (FarmCPU) implemented in the R package GAPIT v3 (Wang & Zhang,
2021). For the GWAS, the complete set of samples of each year and location was used, and a
Bonferroni threshold of a=0.05 was used to identify associations. When an association was found
using the Bonferroni correction, a false discovery rate (FDR) of a=0.05 was used to determine
whether the same association was present in any other year-location. The QTL associations were
defined as consistent when presented in more than one year-location with the same SNP, or when
two different SNPs were associated in the same genomic region between years, and the distance
between them was not greater than 100 kb.

Genomic prediction

In total, three prediction models were assessed: reproducing kernel hilbert space (RKHS),
sparse selection indices (SSI), and SSI using consistent QTL identified through GWAS as fixed
variables. The SSI was obtained by imposing an L1-penalty on a selection index using additive
genomic relationships (GSSI). To assess the prediction ability of the models, the training set was
randomly divided into 70% and 30% to train and validate the models, respectively. To optimize
the penalization value A in SSI, 10-fold cross validation was carried out in the training subset, and
SSI were derived over a grid of 100 values of A. The accuracy measured as the Pearson correlation
between SSI and each trait was used to identify the value of A that maximized accuracy in each
cross validation. The optimal value of A was defined as the average value of A that maximized
accuracy across each cross-validation and was used to predict the validation subset. The training-
validation procedure described above for RKHS and SSI was repeated 100 times by randomly
assigning samples from the training set into training and validation subsets, and was implemented
using the R package SFSI (Lopez-Cruz et al., 2020). The prediction ability for all models is
expressed as a Pearson correlation coefficient between the observed and predicted values in the
validation subset.
Prediction set

To simulate the implementation of GP, 82 breeding lines from 7 bi-parental crosses were
included in 2019 and used as the prediction set as described previously. RKHS and SSI models
were assessed in the prediction set. Additionally, different proportions of individuals of each bi-
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parental family (0%, 10%, 20%, 30%) were randomly assigned to the training set to train the
models. The procedure described above was repeated 100 times, and was implemented using the
R package SFSI (Lopez-Cruz et al., 2020)

Results
Phenotypic data

The YBC was grown in field locations in MI and NE in 2018 and 2019 and was evaluated for
seed yield, seed weight, Fe and Zn concentration in MI and NE 2018-2019, and FeBio was
evaluated in Michigan 2018-2019. The YBC exhibit large variability for agronomic and nutritional
quality traits (Table 1). For all traits except FeBio, the distribution of the phenotypes was normally
distributed across locations and years (Supplementary Figure 4.1-2). The FeBio distribution was
binomial in the two growing seasons measured in Michigan. The concentration of Fe ranged from
43 to 118 ug/g in Michigan 2018, 39 to 106 ug/g in Michigan 2019, 28 to 76 ug/g in Nebraska
2018, and 36 to 72 ug/g in Nebraska 2019 (Table 4.1). Four genotypes presented concentrations
above 100 ug/g in Michigan, three in 2018 (YBCO050, YBC136, and YBC279), and one in 2019
(YBCL171). The concentration of Zn ranged from 20 to 41 ug/g in Michigan 2018, 17 to 41 ug/g in
Michigan 2019, 19 to 37 ug/g in Nebraska 2018, and 21 to 43 ug/g in Nebraska 2019 (Table 4.1).
FeBio values in Michigan varied from 11 to 151% in 2018 and from 13 to 118% in 2019, compared
to the control Snowdon (Table 4.1). In total, twenty-seven genotypes had higher FeBio values than
the high FeBio check variety, Snowdon, in both 2018 and 2019.

The Analysis of variance revealed a significant effect of genotype on the agronomic and
nutritional quality traits assessed in the current study (Supplementary Table 4.1). The most
important source of variation for Fe concentration was the location followed for the Year:Location,
while genotype explained most of the variation in Zn concentration and FeBio. Indeed, the
genotype explained 93%, 5%, and 38% of the phenotypic variation in FeBio, Fe and Zn
concentration, respectively. The large effect of the genotype on the variability of FeBio is
supported by the high h2 of FeBio found in 2018 (0.85) and 2019 (0.91).

Despite the differences between location and years, the measurements of all traits were
positively correlated across years (Figure 4.1). The correlation between Fe concentration and yield
was not significant in any environment ranging from -0.05 in Michigan 2018 to 0.10 in Nebraska
2019, while the correlation between yield and Zn concentration was negative in both locations and
years. Fe and Zn concentrations were positively correlated, ranging from r=0.32 (p < 0.001) in
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Nebraska in 2018 to r= 0.58 (p< 0.001) in Michigan in 2019. Both Fe and Zn concentrations were
negatively correlated with seed weight in both locations and years. The most stable trait across
years (2018-2019) was FeBio, with a correlation between years of 0.93 (p < 0.001) in Michigan.
FeBio was negatively correlated with yield in 2018 (r= -0.13, p=0.05), and 2019 (r= -0.31,
p=0.001).

Table 4.1 The mean and the range of yield, seed weight, Fe bioavailability, Fe and Zn concentration
of the YBC grown in Ml and NE in 2018 and 2019.

Trai MI 2018 MI 2019 NE 2018 NE 2019
rait Mean Range Mean Range Mean Range Mean Range
Yield (kg/ha) 2111 1171-3299 1654 536-3065 1974 653-5275 686 52-2124
SW (g) 38.0 17.8-60.2 39.5 18.4-72.8 349 14.6-543 29.7 25.5-34.7
Fe (ug/g) 69.1 42.8-117.7 63.8 38.6-1058 44.7 27.7-759 513 36.3-71.7
Zn (ug/g) 28.8 20.1-41.4 27.7 17-41 253 18.4-36.7 27.0 20.8-43.2

FeBio (% of control)  53.5 11-151 51.5 12.5-118 - - - -
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Figure 4.1 Pearson’s correlation coefficients between agronomic traits (Seed weight (SW), yield
(YD), mineral concentration (Fe, Zn), and Fe bioavailability (FeBio). Significance of correlations
indicated as ***: p <.001; **: p<.01; *: p <.05.
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Population structure

In total, 18,357 SNP markers were retained after filtering in the 295 YBC and 82 breeding
lines. The genomic relation matrix identifed two groups with stronger relationships representing
the germplasm of the two gene pools in P. vulgaris (Figure 4.2 A). A complete description of the
genetic diversity and origin of each genotype in the YBC was reported by Sadohara et al. (2022).
As expected, the breeding lines included in 2019 were clustered in the same gene pool of their
founders (Andean). Genetic diversity was evaluated through principal component analysis (PCA).

The first two principal components explained 53.1% of the variance. PC1 separated the Andean
and Middle American gene pools as reported by Sadohara et al. 2022. However, the variance
explained by PC1 (48.6%) in this study differ from the PC1 (63.8%) reported by Sadohara et al.
(2022). This difference is due different filters applied to the genotype matrix, and the addition of
the 82 breeding lines in the present study (Figure 4.2 B).

Set ’—l—
W Training i 1 ‘
oDl S Ml Ao A

@ Andean
@ Middle American
© Admixture

1
@ o G I
o ene pool
0 o ¥
@0 -
oO
P

PC2 (4.5%)

-25 0 25
PC1 (48.6%)

3

Figure 4.2 Genetic structure of the YBC and advanced yellow RILS with 18,357 SNPs. A Heatmap
of the genomic relationship matrix. The blue and green color represent the genotypes in the training
and prediction sets, respectively. B The principal component analysis shows the location of each
genotype defined by the eigenvectors of the first and second principal components. The color
represents the gene pool determined by Sadohara et al. 2022.

Genome-wide association (GWA)

Marker-trait associations were evaluated using the multi-marker approaches FarmCPU and
BLINK. In total, 51 SNP associations were identified with significance greater than that
established by the Bonferroni correction (2.72 x 10°) (Figure 4.3, Supplementary table 4.2 and
Supplementary figure 4.3). When an association was found using the Bonferroni correction in
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only one location or year, the false discovery rate (FDR) of a=0.05 was used to determine whether
the same association (or association with another SNP located no farther of 100 kb) was present
in any other location or year. In total, 3 SNP makers using the FDR threshold supported regions

identified using the Bonferroni correction.
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Figure 4.3 Genome-wide association analysis of Fe bioavailability (FeBio). The red and green
lines indicate the Bonferroni and FDR threshold at a = 0.05, respectively.

In total, six genomic regions were consistently associated with FeBio in Michigan across years,
while no consistent associations were identified for Fe and Zn concentration or yield (Table 4.2).
The SNP effect (representing as the difference between homozygous genotypes) of the association
on chromosome 7 for FeBio (% of control) was 45.2 and 46.9 in 2018 and 2019, respectively
(Figure 4.4, Table 4.2).
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Figure 4.4 Phenotypic effect of SNP at chromosome 7 (29,2 Mb) associated with FeBio in 2018
(A) and 2019 (B).
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Table 4.2 QTL for FeBio identified by genome-wide association analysis over years using
BLINK and/or FarmCPU models.

Trait Chr Position P.value Year Loc Model SNP Effect
FeBIO 1 51,031,345 8.11E-09 2018 Ml Blink 3.3
1 51,031,345 1.92E-06 2019 MI FarmCPU 3.9

3 2,637,502 1.25E-05 2018 Ml FarmCPU* 21.8

3 2,649,825 5.91E-09 2019 Ml Blink 20.4

7 29,169,848 4.43E-07 2018 MI FarmCPU-Blink 45.2

7 29,169,848 1.75E-08 2019 MI FarmCPU-Blink 46.9

10 42,422,135 5.90E-11 2018 MI FarmCPU-Blink 3.3

10 42,422,135 2.67E-17 2019 Ml FarmCPU 3.9

11 3,626,904 4.75E-08 2018 MI FarmCPU-Blink 9.3

11 3,626,904 6.77E-08 2019 Ml FarmCPU 8.0

11 49,383,743 1.72E-05 2018 MI FarmCPU* 11.7

11 49,383,743 2.37E-08 2019 MI FarmCPU 15.3

*SNPs that are declared associated using FDR < 0.05.
Genomic prediction — training set

In total, 100 partitions were used to assess the prediction accuracy for the Reproducing Kernel
Hilbert Spaces (RKHS) and sparse selection indices (SSI) models in the training set composed of
295 YBC. The prediction accuracies of RKHS and SSI models for Fe and Zn concentrations and
seed yield are presented in Figure 4.5 and Supplementary Table 4.3. The prediction accuracy
was affected by trait architecture, and no significant differences were observed across models.
RKHS models used all the genotypes in the training subset to train the model, while SSI used a
penalization to select the individuals in the training subset to maximizes the prediction ability. The
average number across locations and years of individuals that support predictions using the SSI
ranged from 52% to 71% of individuals in the training subset from Fe concentration and yield,
respectively (Supplementary Table 4.3). The lowest prediction accuracy found in this study were
detected in Fe concentration in Nebraska 2018. A soil analysis revealed that the pH in this location
was 8.0. The h? (0.05, 0.20) and prediction ability (0.11, 0.14) for Fe and Zn concentration were
affected for the alkaline soil of this location. Average prediction accuracy in 2018 and 2019 for
yield ranged from 0.33 to 0.65 in Michigan, and 0.51 to 0.66 in Nebraska, respectively (Figure
4.5).
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Figure 4.5 Prediction accuracy in the training data set of Fe-Zn concentration and yield using
RKHS and SSI. The distribution of boxplots represents 100-fold cross-validations in the training
set.

Using the 100 partitions described above, the prediction accuracy for RKHS and SSI models
were assessed for FeBio prediction adding the six consistent QTL identified through GWAS (Table
1). Although no differences were observed between RKHS and SSI models without QTL
information, an increase in prediction ability was detected when QTL were added to the RKHS
model, while the inclusion of QTL in the SSI model negatively impacted the predictions (Figure
4.6, Supplementary Table 4.3).
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Figure 4.6 Prediction accuracy in the training data set of FeBio using RKHS, SSI and QTL as fixed
effects. The distribution of boxplots represents 100-fold cross-validations in the training set.
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Genomic prediction — prediction set

To simulate the implementation of GP with a diversity panel where some lines were used in
breeding , a set of 82 breeding lines were grown in Michigan 2019 and used as a prediction set.
The prediction accuracy of RKHS and SSI models adding different proportions (from 0 to 30%)
of the prediction set to train the models are presented in Figure 4.7 and Supplementary Table
4.4 For the traits measured in the prediction set (sed yield and Fe and Zn concentrations), the
prediction accuracy of Fe concentration was not improved when breeding lines were added to train
the model. However, the accuracy tended to increase for seed yield and Zn concentration with the
addition of genotypes belonging to the same families in the prediction set. Additionally, SSI model
showed higher accuracy compared to RKHS for Zn concentration and yield, and RKHS resulted
in higher predictions for Fe concentration (Figure 4.7). Although the accuracy gain obtained
using SSI compared with RKHS is small (<0.05), the prediction of the individuals is provided by,
on average, < 19% of the individuals used to train the model for Fe and Zn concentrations. For
yield, the prediction is provided by, on average, < 73% of the individuals used to train the model

(Supplementary Table 4.4).
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Figure 4.7 Prediction accuracy of Fe-Zn concentration and seed yield (YD) in the 2019 prediction
set comprised 82 RILS. Different proportions of the prediction set were included in the models
(0%, 10% =8, 20% = 16, 30%=25). The distribution of boxplots represents 100-fold cross-

validations.
Discussion
Biofortification is an important goal included in many breeding programs of dry beans. Three
assumptions are used to release biofortified cultivars worldwide: i) Fe concentration is stable
across environments, ii) the average Fe concentration in nonbiofortified dry beans is ~50 ug/g, iii)

Fe bioavailability is positively correlated with Fe concentration (Glahn & Noh, 2021). In this
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study, we found that none of these assumptions are true in the YBC. Although Fe concentration
showed a positive correlation within and between locations in the two growing seasons, those
correlations were < r=0.3. In both years, beans planted in Nebraska showed a lower Fe
concentration (~48 ug/g) compared to Michigan (~67 ug/g), and the reasons of this difference may
be attributed to the alkaline soil (pH = 8) found in the Nebraska location used in this study. Values
of pH greater than 7 have been related with iron chlorosis and zinc deficiency in plants (Westfall
& Bauder, 2011). Additionally, the Fe and Zn in soil available for plant uptake have been related
with the concentration of these microelements in seeds (Katuuramu et al., 2021). The complex
genetic architecture of Fe and Zn concentration was described in a meta-QTL analysis in seven
populations of dry beans, and candidate genes related with the process to uptake , transport and
accumulation of these minerals were identified (Izquierdo et al., 2018). Due the interaction with
environmental factors and the complex genetic architecture of Fe and Zn concentration is
challenging to get a stable concentration across environments for these microelements.

Our results found the absence of correlation between Fe concentration and in vitro Fe
bioavailability. Both years in Michigan showed a non-significant negative correlation between Fe
concentration and FeBio, and similar results have been reported in dry beans (Glahn et al., 2020;
Katuuramu et al., 2018, 2021), which suggest that increases the Fe concentration is not translated
into a higher FeBio. For this absence of relationship, Glahn & Noh (2021) proposed to change the
focus of biofortification from Fe concentration to FeBio in dry beans. There are two big advantages
of breeding for FeBio over Fe concentration, higher heritability, and delivery of absorbable Fe.
We observed that FeBio was very stable across years (r = 0.93), with a heritability >0.85 that was
2-fold the heritability of Fe concentration presented in both growing seasons in Michigan.

The high phenotypic variability and heritability of FeBio found in this study suggest that
genetic improvement is feasible. However, we observed a strong relationship between seed type
and FeBio, which could limit the genetic gain of FeBio in some market classes. The seed types
Manteca, Mayocoba and White showed high FeBio values, and we consider that these three market
classes should use as priority in biofortification programs. Interestingly, using data reported by Rie
et al. 2021, we identified that lighter color seeds from the YBC tend to have lower cooking
times. Thicker seed coats were associated with longer cooking times, and darker seeds tend to have
thicker seed coats (Bassett et al., 2021) Fast-cooking time has been associated with high FeBio

and with more retention of nutrients in dry beans (Wiesinger et al., 2016), which means that the
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use of Manteca, Mayocoba and White seed types have the potential to yield high FeBio and
nutrients in fast-cooking genotypes, traits that are appealing for nutrition and customer acceptance.
Genome-wide association (GWA)

A strong environment effect was observed for yield and Fe and Zn concentrations, and no
consistent associations were identified for these traits. The complex architecture of these traits and
the G x E interaction has yielded hundreds of marker-trait associations across locations and
populations (lzquierdo et al., 2018, Izquierdo et al., under review), and the usage of strategies as
marker-assisted selection or GWAS-assisted genomic prediction does not appear promising for
these traits.

FeBio showed large variability as well but this variability across years and individuals was
mostly controlled by genetics. The binomial distribution of Febio is probably because the trait is
controlled by major QTL. The SNP in chromosome 7 at 29.2 Mb was associated with light-colored
seed, hilum ring and corona and resistance to darkening in the YBC (Sadohara et al., 2021). This
SNP is proximal to the P gene (Phvul.007G171333) located at 28.8 Mb, a transcription factor
required for flavonoid biosynthesis, which has the dominant allele P necessary for seed coat color
expression, and in recessive genotypes, produces white seed coat (McClean et al., 2018). This
region in chromosome 7 was associated with FeBio in the Andean Diversity panel (Katuuramu et
al., 2018), and dark-colored bean seeds have been shown to have low FeBio (Wiesinger et al.,
2018).

This result gives more evidence of the relationship between seed color and FeBio. There is a
correlation between color seed and FeBio, and although unclear, the relationship could be
explained for several effects. First, darker seed types tend to have thicker seed coats, and although
~30% of minerals are in the seed coat (Glahn et al., 2016), this tissue shows a high level of
antinutrients that can chelate Fe. Besides, in data reported by Sadohara et al., (2021), cooking time
in darker seeds tend to be longer than in lighter color seeds, this trait could be related to the thicker
seed coat observed in darker seeds. Considering that i) the SNP effect in chromosome 7 was close
to the mean of FeBio (50 % of control) in both years (Table 4.1), ii) the association was presented
across years, and ii) the association with FeBio was present in other genetic background as the

Andean Diversity panel, this region can be related with a major QTL for FeBio.
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Genomic prediction — training set

In this study, we consider RKHS and SSI models to assess the accuracy of genomic prediction
in the YBC. We observed similar results among models for all traits, and the prediction variation
was related to the heritability of each trait. Although both models gave similar results in the YBC,
the individuals that support the prediction of each line in the testing set are different. RKHS models
used in each partition all the genotypes in the training subset, while SSI selected a particular set of
support points as the optimal training set for each genotype in the testing set. The average number
of supporting points selected by the SSI model was related to the complexity of each trait, ranging
from 38% (FeBio) to 71% (yield). In a multigeneration wheat dataset across 8 years, SSI presented
higher prediction accuracy compared to GBLUP (Lopez-Cruz et al., 2022), and as demonstrated
by Lopez-Cruz & De Los Campos (2021), SSI tends to give higher accuracies compared to
GBLUP in large datasets. However, the increase in prediction accuracy of SSI compared with
GBLUP tends to be modest (<0.05) and is highly influenced by the diversity and training size. The
YBC is a diverse population that can take advantage of SSI, but the training set was comprised by
< 185 compared to the thousands of individuals used to train the models by Lopez-Cruz & De Los
Campos (2021) and Lopez-Cruz et al. (2022).

To assess the implementation of genomic prediction using the YBC as a training population,
82 breeding lines were used as the prediction dataset. In chapter 3, we report evidence that updating
the models with genotypes related to the prediction set tends to increase accuracy. By adding
different percentages of each RIL family, prediction accuracy increased for seed yield and Zn, and
SSI outperformed RKHS on these traits. The better performance of SSI compared to RKHS in this
scenario could be the result of differences in allele frequencies and LD patterns in the families to
be predicted compared to the YBC. Differences in allele frequencies and LD may lead to
suboptimal estimation of breeding values using the all set of individuals to train the model (Lopez-
Cruz et al., 2022).

The polygenic inheritance of the traits involved in this study is reflected in the continuous
variation presented in both locations and years. However, the use of consistent QTL associated
with FeBio as fixed variables in RKHS model improve accuracy on average by 0.1 (2018) and
0.07 (2019) compared with the model without fixed effects. Similar results were observed in a dry
bean black breeding panel on traits with high heritability as color retention of canned beans and

seed weight (chapter 3). It is noteworthy that the positive effect in prediction ability of the fixed
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markers in this study are potentially related with the high diversity in seed colors found in the
YBC, and their positive effect could be reduced in germplasm with less diverse seed types.
Nevertheless, accuracy for FeBio was high (> 0.65) using RKHS and SSI models without the
inclusion of fixed markers, which suggest that it is possible a reliable prediction of this trait in dry
beans. Interestingly, fixed markers negatively affected the accuracy of SSI and reduced the average
number of supporting points for predictions. The reduced number of supporting points may affect
the estimation of the fixed effects, reducing prediction ability using this approach.
Conclusion

This study provides evidence regarding the need to move from the traditional biofortification
approach of increasing Fe concentration to produce dry bean cultivars with more bioavailable Fe.
The absence of correlation between Fe concentration and Fe bioavailability observed in this study
is supported by studies deployed in Africa and US (Katuuramu et al., 2018, 2021), demonstrating
that a reallocation of resources may be beneficial in breeding programs focusing on
biofortification. We found a strong relationship between Fe bioavailability and seed coat color,
and identified that lighter seed color such as Manteca, Mayocoba and White tend to have higher
Fe bioavailability and must be priority to enhance the delivery of Fe for human
consumption. Despite the importance of Fe bioavailability, the measurement of this trait may be
inaccessible for most breeding programs. We found that genomic prediction has high accuracy for

Fe bioavailability and can be employed to reduce this costly and time-consuming measurement.
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Figure S4.3 Boxplots of Fe-Zn concentration and Fe bioavailability (FeBio) in the nine major seed
types in the Yellow Bean Collection (YBC) in ML.

129



Fe

« MI1E & MI_19 ®= NE 18 + NE_19

+ +

G-
— +
g
= +
Z 6- + 7 - +
]
- i t

i & o " & - : & L
o 3 * 3 3 . & i iy
3‘ i ] ¥ p 8 N r g l.ln
0
1 2 3 4 5 L] T B 9 10 1
Zn

« M_1E & MI_12 = NE_18 + ME_19

-
L=3
1

logyg{p-value)
[ 3

5.-.

Figure S4.4 Genome-wide association analysis of Fe and Zn. The red and green lines indicate the
Bonferroni and FDR threshold at « = 0.05, respectively.

130



01_’. 3 ! © Testing
’ ‘,’ 3 4 ',' o Support?ng
.; °© o ©° % -.. ‘o, . Qo 0, .. e, . © Non-active
004 ¥ . ? g f' ¢ . 2’ g ..-...’
° ° ° (o]
LA o o Ao .Qo
°° '-° .o ..'
014 8 s ° o © s @ o
8
: : : .
_0‘2- ° o o
o $o )
0.1 3 : $ $
' i % i
= S e & e g oty ;oc .,
£ 001§ R 4k .;-.-?. Lo 4B 3 B
©; %40 ,oae° o® %
N ° o0 o °
8 014 @ s © s © o s © o
Gad A A A
@ % @ (e
& g % @
0‘1. ... d ... ~.
& 15 4 4
e - ° ° o% o 8 ° -.'.. *8 % ° ..’.. oL 5 ° 0@
oo{t . 'i. o s o 2 o 4 vl
.-‘.0 .-J.o ..Q- .J.o
oo © o°
014 8 ° o ® ° o 2 ® ° 8
F & . 2, :
024 ° © ]
o) ©)) % &
010 -0.05 0.00 010 -0.05 0.00 010 -0.05 0.00 010 -0.05 0.00

PC 1 (44.5%)

Figure S4.5 Network of genotypes in the training data set that contribute to the prediction for FeBio
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Table S4.1 Analysis of variance.

Source of R2
variation Fe Zn  FeBio Yield Sw
Year 0.0 0.0 0.27 395" 0.0™
Location 62.57" 12.4™ - 8.4™ 28.07
Year:location 6.4™" 557 - 23.27"  9.1™
Genotype 5.2 36.77" 93.0™" 4.8 41.6™
Genotype:year 0.0 0.0 - 1.9" 0.0
Genotype:location 3.3 0.0 - 9.0 597

Signif. codes: 0 ***, 0.001**,0.01 *.
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Table S4.2 QTL identified by genome-wide association analysis using BLINK and/or FarmCPU

models with a Bonferroni correction.

Trait  Chr Position P.value maf Model Location  Year
Fe 1 7,292,184 2.06E-11 0.42 FarmCPU NE 2019
2 3,540,974 6.63E-07 0.22 FarmCPU NE 2019
2 25,542,798 7.87E-09 0.11 Blink-FarmCPU NE 2019
3 36,517,097 1.69E-11 0.09 Blink NE 2019
8 84,336 2.21E-07 0.11 Blink NE 2019
9 25,301,211 2.82E-07 0.18 FarmCPU NE 2019
10 43,391,440 6.34E-07 0.15 FarmCPU NE 2019
FeBC 1 51,031,345 8.11E-09 0.10 Blink-FarmCPU M 2018
3 2,649,825 5.91E-09 0.24 Blink Ml 2019
3 4,512,266 4.15E-08 0.12 FarmCPU Ml 2019
4 46,268,498 3.21E-10 0.07 Blink M 2019
7 29,169,848 1.31E-12 0.18 Blink-FarmCPU M 2018
7 29,169,848 3.43E-19 0.18 Blink-FarmCPU M 2019
8 60,316,632 4.24E-08 0.12 Blink M 2019
9 37,951,003 4.96E-07 0.35 FarmCPU Ml 2019
10 5,414,443 8.93E-08 0.16 Blink Ml 2018
10 41,221,348 3.00E-08 0.35 Blink M 2019
10 42,422,135 5.90E-11 0.26 Blink-FarmCPU M 2018
10 42,422,135 2.67E-17 0.26 FarmCPU M 2019
10 42,791,842 4.22E-07 0.09 Blink M 2019
10 42,912,633 2.26E-08 0.08 FarmCPU Ml 2019
11 3,014,294 8.23E-08 0.08 Blink Ml 2018
11 3,626,904 4.75E-08 0.28 Blink-FarmCPU M 2018
11 3,626,904 6.77E-08 0.28 FarmCPU M 2019
11 4,761,183 6.78E-09 0.19 FarmCPU M 2019
11 49,383,743 2.37E-08 0.20 FarmCPU M 2019
11 53,419,997 2.38E-06 0.28 FarmCPU Ml 2019
ZN 1 47,810,686 6.72E-08 0.13 Blink M 2019
1 50,568,067 2.80E-11 0.17 Blink NE 2019
3 19,332,217 5.21E-07 0.30 FarmCPU Ml 2019
3 53,059,251 1.98E-09 0.16 Blink-FarmCPU M 2019
5 69,261 5.40E-07 0.20 Blink NE 2019
6 20,009,852 4.34E-08 0.21 Blink NE 2019
8 84,336  2.39E-07 0.11 Blink NE 2019
8 4,308,119 2.28E-09 0.32 Blink Ml 2019
8 22,052,184 5.86E-08 0.15 Blink NE 2019
9 21,789,929 1.65E-06 0.27 Blink NE 2019
10 4,482,939 2.48E-14 0.10 Blink NE 2019
11 2,463,522 1.92E-08 0.29 FarmCPU M 2019
11 47,634,294 1.46E-06 0.40 Blink M 2019
YD 3 44,116,362 3.11E-08 0.07 FarmCPU M 2019
3 51,442,534 1.53E-06 0.12 FarmCPU Ml 2018
3 52,993,055 9.97E-07 0.27 Blink-FarmCPU Ml 2018
4 13,916,133 6.28E-10 0.33 Blink-FarmCPU M 2019
4 43,890,873 4.50E-07 0.11 Blink NE 2018
5 914,931 2.60E-08 0.39 Blink-FarmCPU M 2018
5 4,497,912 8.81E-10 0.30 FarmCPU NE 2018
7 35,814,640 7.75E-08 0.37 Blink M 2019
8 60,779,846 2.12E-06 0.16 FarmCPU Ml 2018
9 14,724,912 1.82E-07 0.09 FarmCPU NE 2018
11 3,626,904 4.54E-07 0.39 Blink M 2019
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Table S4.3 Prediction accuracy for micronutrients density and seed yield in the YBC using RKHS

and sparce selection indices (SSI).

Trait Location Year h? ntst ntrn Model nsup Accuracy (sd)
FeBio MI 2018 0.85 78 185 RKHS 185  0.656(0.06)
RKHS-QTL 185  0.756(0.04)

SSl 78  0.654(0.06)

SSI-QTL 57 0.603(0.07)

2019 091 78 185 RKHS 185  0.703(0.06)

RKHS-QTL 185  0.774(0.04)

ssl 63  0.702(0.06)

ssI-QTL 41  0.617(0.08)

Fe M 2018 04 78 185  RKHS 185  0.336(0.09)
ssl 74 0.258(0.13)

2019 042 68 161  RKHS 161  0.229(0.08)

ssl 54  0.189(0.14)

NE 2018 0.05 65 154  RKHS 154  0.111(0.10)

ssl 113 0.129(0.10)

2019 0.79 63 147  RKHS 147 0.459(0.08)

ss| 88  0.418(0.10)

Zn Ml 2018 0.49 78 185  RKHS 185  0.405(0.07)
ss| 100  0.395(0.07)

2019 0.67 68 161  RKHS 161  0.356(0.08)

ss| 55  0.354(0.09)

NE 2018 02 65 154  RKHS 154 0.199(0.10)

ss| 116  0.142(0.12)

2019 0.78 63 147  RKHS 147 0.517(0.07)

ssl 86  0.493(0.09)

YD Ml 2018 0.63 78 185  RKHS 185  0.336(0.09)
ss| 99  0.327(0.09)

2019 0.72 78 182  RKHS 182 0.647(0.06)

ssl 123 0.648(0.06)

NE 2018 0.65 66 157  RKHS 157  0.514(0.09)

ssl 105  0.508(0.09)

2019 0.59 65 152  RKHS 152 0.658(0.08)

ssl 145  0.654(0.08)

Accuracy is reported as the average of 100 partitions using the training set (70%:30%).
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Table S4.4 Prediction accuracy for Fe-Zn concentration and seed yield in the prediction set of 82

yellow RILs using RKHS and sparce selection indices (SSI).

Trait Location Year h? ntst ntrn %* Model nsup Accuracy (sd)

Fe Mi 2019 042 74 229 0 RKHS 229 0.34
0 Ssl 40 0.29

63 240 10 RKHS 240 0.34(0.04)

10  SSI 44 0.30(0.05)

57 246 20 RKHS 246 0.34(0.06)

20  SSI 51 0.31(0.06)

50 253 30 RKHS 253 0.33(0.07)

30 SSI 49 0.29(0.08)

Zn Ml 2019 0.67 74 229 0 RKHS 229 0.08
0 SSI 35 0.02

63 240 10 RKHS 240 0.18(0.09)

10  SSI 40 0.19(0.14)

57 246 20 RKHS 246 0.20(0.10)

20  SSI 45 0.24(0.14)

50 253 30 RKHS 253 0.24(0.12)

30 SSI 44 0.31(0.14)

YD Ml 2019 0.72 82 260 0O RKHS 260 0.17
0 SSI 216 0.2

70 272 10 RKHS 272 0.27(0.10)
10 SSI 212 0.32(0.11)
64 278 20 RKHS 278 0.35(0.09)
20 SSI 157 0.41(0.09)
55 287 30 RKHS 287 0.40(0.10)

30 SSI 210 0.43(0.10)
Accuracy is reported as the average of 100 partitions. * Different proportions of the prediction set were included in

the models (0%, 10%, 20%, 30%).
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CONCLUSIONS

The genetic architecture of quantitative traits is controlled by many loci across the genome.
Although genetic gains have been achieved through traditional breeding, understanding the
genetics of complex traits can lead to further improvement of these traits. Therefore, this
dissertation has focused on the implementation of quantitative genetics approaches to increase the
genetic gain of seed yield and end-use quality traits.

Chapter 1 unraveled the genetic complexity of Fe and Zn seed levels. The positive correlation
between Fe and Zn seed levels across different genetic backgrounds suggests that the accumulation
of these microelements is controlled by a similar movement of Fe and Zn through the plant,
ultimately to the seed. Previous studies assessing the human nutritional outcomes associated with
biofortification have reported that high Fe concentration is related to higher Fe uptake inhibitors,
limiting Fe absorption. However, the interaction of high Fe beans with other components of the
diet can enhance the delivery of Fe. The meta-QTL and candidate genes identified can be used to
develop molecular markers to increase Fe and Zn levels in dry beans.

Chapter 2 describes a genome-wide landscape of genomic regions identified over the last two
decades as associated with seed yield components. This study facilitates the comparison of QTL
and GWA associations across populations of dry beans and the integration with related species
through comparative genomics. Several meta-QTLs were found by associations reported under
drought and sufficient water conditions, which supports the premise that genetic gain for seed yield
is not exclusive between these water supplies. Although the triangle of seed yield components
involving seed size, seed number per pod, and pods per plant are crucial for seed yield, the
partitioning efficiency into seeds seems to be the most important trait to increase the genetic gain
for seed yield under drought and sufficient water conditions. The combination of QTL and GWA
analyses used in this study increased the resolution to detect candidate genes and identified that
selection pressure for seed yield led to focus on similar genomic regions in the Andean and Middle
American gene pools.

Chapter 3 characterizes the genetic architecture and assesses the accuracy of genomic
prediction of canning quality traits in black beans. The prediction accuracy of the models was
related to the heritability of each trait, highlighting the importance of high-quality phenotyping to
reduce environmental noise. Breeding lines from two different cycles were used, and prediction

accuracy within the same cycle was higher because of stronger genetic relationships due to
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common parents used within breeding cycles. Genomic prediction models must be updated to be
useful in the breeding pipeline, and affordable high-throughput genotyping approaches such as
GBS is an ideal option to obtain the genotype of new breeding cycles each year.

Chapter 4 describes the relationship between seed Fe bioavailability and Fe and Zn
concentration in yellow beans. The correlation between Fe bioavailability and concentration was
negative, showing that increased Fe concentration in seeds is not translated into more absorbable
Fe. A change of approach to increase Fe bioavailability instead of Fe concentration can be
beneficial in biofortification programs to increase Fe delivery. The heritability of Fe bioavailability
was consistently higher than the heritability of Fe and Zn concentration, which was reflected in
the higher accuracy of genomic prediction for bioavailability. The high phenotypic variability and
heritability of Fe bioavailability found in this study suggest that genetic improvement is feasible.
However, there is a strong relationship between seed type and absorbable Fe, which could limit
the genetic gain of Fe bioavailability in some market classes. The seed types Manteca, Mayocoba,
and white showed high Fe bioavailability values and should use as a priority in biofortification
programs.

The studies presented herein provide genetic information to help breeders increase the genetic
gain of seed yield, nutritional and canning quality traits in dry beans. Additionally, the findings of
using different models and strategies to increase the accuracy of genomic prediction will be useful

for breeders to tune up the implementation of genomic prediction.
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